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Abstract: The rapid expansion of high-performance computing (HPC), artificial intelligence (Al), and cloud-based
services has significantly increased the energy demand of modern data centers. Among the key challenges in main-
taining operational efficiency is managing excess heat from densely packed computing equipment. While liquid-
cooling technologies offer superior thermal performance, they are often operated conservatively, leading to exces-
sive energy use through overcooling. This study investigates overcooling in data centers using operational data
from the Frontier supercomputer, currently the world’s fastest publicly available exascale system. A linear regres-
sion model was developed to predict baseline coolant return temperatures using compute power and waste heat as
inputs, and its performance was validated using standard regression metrics (R? = 0.357, MAE = 2.76 °C). Overcool-
ing was identified when actual return temperatures were at least 1.5 °C below the predicted baseline. The analysis
revealed that approximately 6.9% of the cooling effort could be reduced without compromising thermal safety mar-
gins. The study also translates the energy implications of avoidable overcooling into public-scale usage equivalents,
showing potential annual savings exceeding 2.5 million kilowatt-hours. These findings demonstrate the potential
of Al-assisted thermal modeling as a lightweight and interpretable method to improve cooling efficiency, reduce
operational costs, and support sustainable data center management.

Keywords: Data Centers; Virtual Power Plant; Power Usage Effectiveness (PUE); Supercomputer; Cooling Systems;
Waste Heat Recovery; Machine Learning; Energy Efficiency

1. Introduction

As the backbone of the modern digital ecosystem, data centers enable the computational, storage, and net-
working capabilities required for critical applications such as artificial intelligence (AI), high-performance comput-
ing (HPC), big data analytics, and cloud services. The increasing demand for processing power, driven by scientific
research, real-time services, and industrial automation, has significantly elevated the energy footprint of these facil-
ities. One of the most critical challenges associated with this energy demand is thermal management. High-density
server architectures generate substantial heat, requiring continuous and reliable cooling to ensure system stabil-
ity and prevent hardware degradation. Although liquid-cooling systems have become the preferred solution for
next-generation data centers and supercomputers due to their superior thermal conductivity and efficiency, their
operation is often conservative leading to overcooling, where more cooling is delivered than needed.

Overcooling not only results in energy waste but also limits opportunities for heat recovery and optimization.
Yet, detecting and quantifying overcooling under dynamic workload conditions remains a complex task, especially
in HPC environments where thermal behavior is non-linear and workload-sensitive. This study addresses this is-
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sue by proposing a data-driven framework for overcooling detection using real operational data from the Frontier
supercomputer, located at Oak Ridge National Laboratory. Frontier, the world’s first exascale system, provides high-
resolution measurements of power consumption, coolant flow, and thermal states over a full operational year. By
training a lightweight Al-based regression model to estimate the expected return temperature of the coolant from
compute power and waste heat, the study identifies instances of avoidable overcooling and evaluates their energy
impact. Furthermore, the analysis contextualizes the avoidable energy loss in terms of household electricity usage
and solar PV generation equivalents, offering a broader perspective on the sustainability implications. This ap-
proach provides a practical and data-driven pathway for improving energy efficiency beyond existing model-based
optimization or CFD-driven analyses. Through this approach, the paper demonstrates how machine learning can be
effectively integrated into thermal diagnostics to enhance energy efficiency, reduce operational costs, and support
sustainable data center management.

Unlike previous studies that primarily focused on predictive control or thermal simulation in data center en-
vironments, this work uniquely emphasizes the quantification of overcooling using real operational data from a
high-performance computing (HPC) system. By developing a lightweight and interpretable Al-based regression
model trained on Frontier’s dataset, the study contributes a novel framework for identifying and evaluating unnec-
essary cooling efforts under real-world conditions. This approach provides a practical and data-driven pathway for
improving energy efficiency beyond existing model-based optimization or CFD-driven analyses.

This article is divided into the following sections, Section 1 introduces the background of high-performance
computing, Section 2 describes the problem specific to this work. Section 2 gives brief evaluation of recent work
on cooling of datacenters, Section 4 presents innovative cooling techniques while Section 5 presents a case study
detailing application of Al technique on cooling of HPC, followed by concluding remarks in Section 6.

2. Problem Description

Modern data centers house thousands of servers, storage units, and networking devices powered by electricity
and generating substantial amounts of heat during operation. The rapid expansion of workloads driven by artificial
intelligence (Al), high-performance computing (HPC), and cloud services has intensified the need for effective ther-
mal management. Between 2010 and 2018, global IP traffic increased tenfold, data center storage capacity grew
25-fold, and the number of compute instances rose more than sixfold [1].

Cooling systems are essential to prevent thermal degradation, maintain system reliability, and ensure ser-
vice continuity. Industry guidelines, such as those from the American Society of Heating, Refrigerating and Air-
Conditioning Engineers (ASHRAE), recommend maintaining server inlet temperatures between 18°C and 27 °C
and relative humidity between 20% and 80% [2]. However, many data centers operate well below these limits,
often maintaining server room temperatures around 19 °C to 21 °C, in an effort to avoid any thermal risk.

Figures 1 and 2 illustrate this relationship based on data collected from multiple Google data centers. Figure
1 shows the probability of latent sector errors as a function of temperature, while Figure 2 presents the correlation
between temperature and hard disk failure rates [3].

Here, an alternative strategy called the “expected failure” approach has been adopted by some hyperscale data
center operators. Rather than overcooling to prevent hardware failures, these systems allow servers to operate at
higher inlet temperatures often near 27 °C, increasing the risk of failure in exchange for lower cooling costs. Failed
servers are replaced rapidly, and system reliability is maintained through redundancy and software-based fault
tolerance. This model emphasizes energy savings over hardware preservation and illustrates the trade-offs involved
in thermal management strategies.

Conservative approach to cooling maintaining lower than necessary temperatures is known as overcooling.
While it can improve perceived safety margins, it results in unnecessary energy consumption, increased operational
costs, and reduced sustainability. The importance of thermal control goes beyond efficiency. Elevated operating
temperatures have been empirically linked to increased hardware failure rates, particularly in storage devices. La-
tent sector errors, which render portions of disks unreadable, and complete hard disk failures both become more
probable at higher temperatures. These risks reinforce the widespread tendency to overcool, even when not strictly
necessary.
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Figure 1. Probability of latent sector errors occurrence.
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Figure 2. Probability of hard disk failures.

Although such data-driven insights justify the need for reliable cooling, they also raise the question: how much
cooling is truly necessary? The answer is rarely addressed using quantitative methods. This gap leads to overcool-
ing becoming a safe and inefficient default strategy.

This study frames overcooling as a measurable energy inefficiency and proposes a machine-learning-based
approach for detecting it under real operational conditions. Using actual power and thermal measurements from
the Frontier supercomputer, the analysis estimates thermal baselines and identifies instances of excessive cooling.
By quantifying the energy implications of overcooling, the study highlights opportunities for improving efficiency
while maintaining hardware safety.

2.1. Cooling Technologies

Cooling technologies play a crucial role in ensuring the efficient operation of data centers, with significant
implications for energy efficiency and sustainability. This section provides a comprehensive overview of the various
cooling systems employed in data centers. These technologies can be categorized based on the state of the cooling
fluid, the heat transfer methods used, and the overall system design. Each technology offers unique advantages,
limitations, and areas of application. The classification in Figure 3 outlines the organization of these technologies
and highlights the topics covered in this section. Following the figure, each category will be discussed in detail.
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Figure 3. Classification of cooling techniques.

2.2. Air-Cooling

In most of data centers, racks are arranged back-to-back to form cold and hot aisles. This design aims to avoid
mixing cold and hot air. Air from the hot aisle is pulled into the cooling equipment or an air handling unit, then
redistributed to the cold aisle. Two options of this design is shown in Figure 4 [4].
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Figure 4. Back-to-back cooling system design.
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Red arrows indicate the hot aisle, and blue arrows mark the cold aisle. The cold aisle delivers chilled air straight
to the front of the racks, thus to the servers, while the hot aisle collects the warm air released by the servers after it
has served its cooling function. In the basic hot aisle containment, cooled air is supplied through a space beneath the
raised floor, creating positive pressure, while the enhanced hot aisle employs heat exchangers. Air cooling relies
on the circulation of cool air through server racks to dissipate heat. It is one of the most widely used and cost-
effective methods, though it can be less efficient in high-density data centers. Its primary benefits include ease of
maintenance and reasonable operating costs [5]. The fundamental working principle of air cooling technology is
depicted in Figure 5.
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Figure 5. The basic mechanism of the room-level air-cooling technology under the raised-floor design [6].
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Data center cooling can be categorized into three primary levels: room, row, and rack. Each level offers a unique
approach to managing heat, tailored to different densities and configurations within the facility. These methods
collectively ensure optimal temperature control and energy efficiency in data centers.

2.2.1. Room-Level Cooling

In data centers focuses on dissipating heat within the entire room, often utilizing raised floors for cold air
supply. This system typically includes a plenum beneath an elevated floor and ceiling vents for warm air exhaust.
Cold air is distributed through perforated tiles on the floor and directed into cold aisles, while warm air, heated by
server racks, is expelled through the hot aisles and circulated back to the ceiling vents [7]. However, inefficiencies
arise due to issues such as hot air recirculation, where warm air mixes with cold air, and cold air bypass, where
excessive cooling air escapes unused [8]. These inefficiencies lead to uneven cooling and energy waste. To address
these challenges, airflow containment systems, such as hot aisle containment and cold aisle containment, have been
developed. These systems use physical barriers to prevent the mixing of cold and hot air, significantly improving
cooling efficiency [9]. While these approaches mitigate some inefficiencies, room-level cooling remains limited
by its static components, high implementation costs, and uncertainties in airflow distribution. Nonetheless, its
flexibility and ease of maintenance make it suitable for data centers with lower equipment density.

2.2.2. Row-Level-Cooling

Places Computer Room Air Conditioning (CRAC) units close to ICT devices, significantly shortening airflow
paths compared to room-level cooling [10]. Two common configurations are inter-row cooling, where CRAC units
are positioned between racks, and overhead cooling, where CRAC units are mounted above rows. Inter-row cool-
ing provides efficient rear-to-front airflow, allowing flexible control of cooling capacity based on server IT load.
However, it requires substantial space, which can be challenging to manage. Overhead cooling addresses space
constraints by creating an up flow design, although it may face cold air bypass issues due to vertical temperature
differences [11].

This method enhances cooling efficiency and allows for easier expansion by attaching cooling equipment to
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each row of racks. The shorter airflow paths improve airflow predictions and facilitate better rack placement for
optimized cooling. However, row-level cooling has higher installation costs than room-level cooling and requires
maintenance within the computer room, potentially interrupting operations near ICT devices [12].

2.2.3. Rack-Level Cooling

Involves installing rack coolers directly within the racks, significantly shortening the airflow cycle. Typically,
an additional enclosure with a rack cooler is integrated into the rack, separating the internal space into hot and
cold aisles through partitioning systems [5]. This setup minimizes the mixing of exhaust and supply air, leading to
a more efficient and controllable airflow path [13].

An advantage of rack-level cooling is its adaptability to the varying cooling requirements of ICT devices. For
example, blade servers demand higher airflow compared to communication enclosures, and rack-level cooling al-
lows for airflow adjustments based on these specific needs [6]. This dynamic cooling approach optimizes power
consumption by distributing cooling capacity according to the actual demand of individual racks, significantly re-
ducing fan power usage. Additionally, the modular nature of in-rack coolers offers efficient use of space, making
this method ideal for data centers with space constraints [14].

However, rack-level cooling comes with certain drawbacks. Its installation cost is relatively high, partly due to
over-designed cooling capacities, and maintenance requires substantial effort. Despite these challenges, its ability
to provide adaptable and localized cooling makes it an efficient solution for modern data centers, particularly in
dynamic environments where server workloads and cooling demands fluctuate in real-time [15]. The three types
of air-based systems [16] are shown in Figure 6.
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Figure 6. Room Row Rack based design [16].

Both air and water-based cooling systems advocate for cooling the hot equipment directly instead of the entire
room. Consequently, newer, more energy-efficient cooling methods have been proposed, such as liquid cooling,
nano-fluid cooling systems, and cooling solutions that are integrated directly into the server, rack, or row.

2.3. Liquid-Cooling

Liquid cooling has emerged as a highly efficient alternative to traditional air-cooling methods, particularly in
data centers and high-performance computing environments. By leveraging the superior thermal conductivity of
liquids compared to air, this technique enables faster and more effective heat dissipation from critical components
like CPUs, GPUs, and memory units. Liquid cooling systems are capable of managing higher heat densities, making
them ideal for modern data centers that require optimized energy efficiency and performance. As the demand for
sustainable and energy-efficient cooling solutions grows, liquid cooling continues to play a pivotal role in reducing
energy consumption and ensuring the reliability of IT infrastructure.

2.3.1. Indirect Liquid-Cooling (Mechanical Refrigeration)

Single-Phase
Liquid cooling involves the use of a coolant, typically water or a water-based mixture, that remains in the liquid
phase throughout the cooling process. Heat is transferred from the components to the coolant via conduction, and
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the heated coolant is then circulated to a mechanical chiller or heat exchanger, where it is cooled before being
recirculated. This method is widely used due to its simplicity, stability, and effectiveness in managing moderate
heat loads. Single-phase systems are particularly suitable for cold plate cooling, where the coolant absorbs heat
directly from electronic components [17].
Two-Phase

Liquid cooling leverages the phase change properties of a coolant to achieve highly efficient heat transfer. In
this system, the coolant absorbs heat from components and undergoes a phase transition from liquid to vapor. The
vaporized coolant is transported to a condenser or mechanical refrigeration unit, where it releases heat and reverts
to its liquid state. This cycle enables significant heat dissipation with minimal energy input, making two-phase sys-
tems ideal for high-density computing environments. The ability to exploit latent heat during phase transition
allows these systems to handle larger thermal loads compared to single-phase methods. The primary focus of im-
proving two-phase cooling lies in the design of efficient porous media and micro-channel radiators at the chip level
[17]. However, these systems are not without challenges. Key disadvantages include flow instability issues such
as liquid reversal, as well as temperature and pressure fluctuations, which can lead to overheating and potential
burnout of surfaces [18]. Addressing these limitations is critical to advancing the reliability and scalability of two-
phase cooling methods for widespread deployment in data centers.
Heat-Pipe Cooling

The cooling process uses sealed tubes containing a working fluid that undergoes phase transitions to transport
heat from hot to cold regions. Mechanical refrigeration enhances this process by actively cooling the condensation
end of the heat pipe, improving its thermal performance. The heat absorbed at the evaporation section turns the
fluid into vapor, which moves to the condenser end, where mechanical cooling facilitates rapid condensation. This
method combines the efficiency of passive heat pipes with the power of active mechanical systems, making it a
versatile solution for a range of applications, from individual server racks to entire data center systems. This type
of cooling is shown in Figure 7.
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Figure 7. Heat-pipe cooling mechanism [6].

2.3.2. Direct Liquid-Cooling (Terminal Cooling)

Pool Boiling

Itis a passive, fully liquid-based cooling method where the electronic components are entirely submerged in a
dielectric coolant [19]. When the heat source surface temperature exceeds the coolant’s saturation temperature, the
liquid begins to boil. Steam bubbles generated at the heat source rise to the cooling tank, where they condense via
a water-cooled heat exchanger, effectively dissipating heat from the system. The primary advantage of this method
is its simplified design, eliminating the need for sealed pipes, enclosures, and fluid connectors at the server level.
This makes pool boiling a flexible and cost-effective cooling solution for server components.
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Spray Boiling

In this method, the liquid coolant is atomized into fine droplets by the differential pressure generated at the
nozzle plate before reaching the heat source surface [20]. Spray cooling can be implemented in two ways: direct
or indirect. The direct method effectively cools server components but comes with the drawback of requiring high-
cost maintenance, as servers are typically enclosed in steam chambers with two-phase coolant flow. In contrast,
the indirect method relies on heat transfer through a cold plate, providing an alternative approach with potentially
simpler maintenance requirements. Table 1 is a comparative table highlighting the features of Pool Boiling and
Spray Boiling cooling methods.

Table 1. Comparison of pool boiling and spray boiling methods.

Feature Pool Boiling Spray Boiling

Boiling Mechanism Surface-to-pool contact Spray-to-surface contact

Heat Transfer Natural Convection and boiling Uniform spray and boiling
Equipment Simple (pool design is sufficient) Requires mechanical spray system
Application Area Low-to-moderate density cooling High-density cooling

2.4. Free-Cooling

Free cooling leverages natural environmental conditions, such as outside air or water, to cool data centers
without relying heavily on mechanical refrigeration. It is highly energy-efficient and helps reduce operating costs
in suitable climates. By utilizing natural cold sources, free cooling significantly reduces the overall energy consump-
tion in data centers. As highlighted in recent searches [21], free cooling technologies are generally categorized into
air-side, water-side, and heat pipe-based systems. This classification is derived from the traditional cooling tech-
nologies namely air-cooling and liquid-cooling. Free cooling technologies based on three key aspects: natural cold
sources, cooling carriers, and heat transfer mechanisms. The comprehensive heat transfer framework between
natural cold sources and heat sources within a data center is illustrated in Figure 8.

Cold Source External Exchangers Carriers Internal Exchangers Heat Source
Air Cooling Tower Air earrier Wheel heat exchangers Room Level
Liquid Camier Flatz heat exchanpgers Rack Level
Water <H <H <H <H

Ewvaporative heat exchangers

Hesat Pipe exchangers

Air Side Indirect Free Cooling

Air Side Direct Free Cooling

Figure 8. Overview of the free cooling process and examples.

3. Brief Evaluation of Previous Studies

Efficiency of a datacenter is based on some factors [22], as listed below:

(i) The cooling load, or heat output, of equipment

(ii) The heat output of lighting

(iii) The heat output of personnel

(iv) The cooling load of building, if necessary

(v) Any oversizing required due to humidification effects
(vi) Oversizing for redundancy

(vii) Oversizing for potential future growth
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Heat generated in a datacenter due to these factors is decreased by datacenter cooling system. Continuously,
new techniques and methods are searched to design efficient cooling systems. In scenarios where cooling sys-
tems operate with low efficiency, the cost of cooling can surge to as much as 40% of a data center’s total energy
consumption. The unique operational demands of data centers require robust security measures and substantial
cooling capacity. To balance energy savings, cost reduction, and enhanced security, innovative cooling systems that
incorporate thermal energy storage technologies have been suggested [23].

A study reviews thermal management in data centers, detailing various cooling strategies [24]. It highlights the
use of the open aisle configuration technique, which, while not impacting energy efficiency, increases the electricity
consumed by air conditioning. The paper identifies and discusses cooling systems that can absorb energy flux,
reduce electricity usage, and enhance energy efficiency. Among these systems are free cooling, liquid cooling, two-
phase technologies, and optimizing the building envelope.

A new index, termed the EUED (Energy Usage Effectiveness Design), is proposed for assessing efficiency at the
design stage, particularly for systems employing “free cooling” and adiabatic systems [25]. The approach involves
comparing equipment performance in the most challenging conditions, utilizing the thermodynamic parameter of
enthalpy for calculations. This methodology helps discern differences in energy efficiency across three Brazilian
cities. According to the study, the EUED values were 1.245 kW /kW for Curitiba, 1.260 kW /kW for Sao Paulo, and
1.377 kW /KW for Rio de Janeiro.

In another study focusing on a real-time monitoring system for analyzing thermal efficiency in data centers, 3D
visualization technology is introduced for intuitive monitoring of IT equipment [26]. The system employs wireless
sensors to gather detailed and comprehensive environmental data from various locations within the data center. It
provides both basic and extended real-time metrics to demonstrate the system'’s effectiveness.

Recent research has shifted focus from relying on device setpoints to analyzing precise temperatures within
an actual data center (DC) cluster [27]. This involves using server-level sensors to collect thermal data, which is
then examined using comprehensive statistical methods. The study conducts an evaluation of both global and local
thermal metrics, aiding in the isolation of risks associated with potential adverse cooling-related factors. Such an
approach significantly contributes to the improvement of thermal management in data centers.

In a particular study, a review of prevalent evaluation metrics is conducted, examining their characteristics and
areas of application [28]. The data center is segmented into room, row, rack, and server levels to analyze how these
metrics apply at each stage. The study proposes a conceptual diagram of thermal performance for these levels as a
foundation for future research. It concludes that evaluation metrics are crucial for providing real-time feedback on
air management, enabling scalability across various levels from racks to rooms.

A new computational facility being designed for the University of California in Berkeley, CA, aims to serve as
both a model for high-performance computing and a showcase for energy efficiency. A paper details its unique
design features, which include the flexibility to accommodate both air and liquid cooling [29]. Berkeley’s mild
climate presents an excellent opportunity for minimizing energy use through free cooling. However, conventional
data center methods don’t fully exploit this climate for energy savings. The facility’s design describes using outside
air for cooling most of the year, with provisions for shifting to various liquid cooling configurations in the future.

Efficiency in data centers begins with the efficiency of the machines themselves. Numerous studies suggest
that most of the heat in a data center emanates from electronic chips. Therefore, reducing the heat emitted by these
chips can significantly decrease the energy required for air conditioning in data centers. One study introduces a
Y-shaped liquid cooling heat sink with microchannels, allowing water to diffuse through and cool the periphery
effectively [30]. This design is compared to conventional S-shaped liquid cooling heat sinks, revealing a 15.2 °C
reduction in peak surface temperature and a 6.3 °C decrease in average temperature, thereby enhancing the overall
cooling efficiency.

4. Proposed Innovative Datacenter Cooling Solutions

4.1. Adding Renewable Energy for Data Center Cooling Energy Needs

The carbon footprint of data centers is on the rise because of the substantial energy consumed to power their
IT and cooling systems [16]. In contrast, having low emission is another important parameter for efficiency of a
datacenter. The lower the greenhouse gases emission, the more efficient a datacenter is. For efficiency a datacenter
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should not only work within a certain temperature scale, but also should generate less carbon gas. Further and
naturally less emission is required during cooling of a datacenter, which can be obtained by special techniques.

Green Data Center term is used for data centers which give no or less harm to environment. In this type of
datacenters all IT equipment, building systems and everything is planned due to the requirements of being “green”.
Consuming renewable energy sources is the main principle with green data centers. Furthermore, the carbon foot-
print of these facilities can be lessened by implementing energy conservation measures and utilizing energy from
renewable sources [16].

4.2. Using Heat Pump for Reuse of Data Center’s Waste Heat

The reuse of waste heat is advocated across the entire industry and related sectors. The European Union (EU)
has set targets to achieve at leasta 32% share of renewable energy and a minimum of 32.5% improvement in energy
efficiency by 2030 [31]. In case of datacenters, waste heat recovery and its potential benefits become a recent area
of concern also. Waste heat is an ideal source for district heating due to its stable and consistent supply. It can be
employed in a range of applications, including heating nearby facilities, regulating temperatures in greenhouses
and aquaculture facilities, drying biomass, and district heating. The aim is to enhance energy efficiency and recover
as much waste heat as possible.

Waste heat recovery in data centers has two major difficulties: One of them is the scale of the installation and
the other is thermal isolation of the data center to facilities which are aimed to utilize the rejected heat. The design
approach is to have the heat utilized by a facility which have high heating demand. The scale of which can be a
laboratory or central campus heating system [32]. Waste heat can be recovered from hot aisles explained before
and directed to air conditioner.

Generally, source temperature wasted by datacenter will be low (between 25-60 °C) for direct utilization.The
temperatures utilized in district heating typically range from 70-110 °C, varying with the seasons. [31]. Heat pumps
play an important role at this point. A heat pump absorbs thermal energy from lower temperature sources and
transfer it to a higher temperature system by a technical process. Figure 9 shows the network that uses heat pump
and utilize waste heat for residents and commercial areas.

Electrical Power

Cooling Capacity

Residential and
Commercial Area

——
—

Waste Heat

Cogeneration Unit

image: NeRZ

Figure 9. Waste heat utilization for residents.
By the help of heat pump waste heat of a datacenter can be brought to a level of 60 °C or higher. Multistage

pumps can be used also which can increase temperature to a significant level. 150 °C or higher temperatures are in
possible ranges in this case.
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As declared before heat pump solutions have great contribution to the subject. Nonetheless, it necessitates
significant investment, thereby requiring long-term planning and economic incentives. To this end, simulations for
economic optimization under various conditions are conducted [33]. In this study, the Coefficient of Performance
(COP) is determined using estimated figures for electricity costs and district heat prices across different scenarios.
The analysis identifies an economically viable alternative that operates without a heat pump.

The efficient cooling of data centers remains a critical area of technological research, especially as digitaliza-
tion efforts intensify. Key domains identified as influential in the digitization process of cooling systems include
the application of Artificial Intelligence (Al), Augmented Reality (AR), and Virtual Reality (VR) within data center
cooling infrastructures [34], with the use of Al, it has been proposed that power density could be boosted and data
centers could be in proximity with the end users, according to the EU-funded ECO-Qube project specifications, a
zonal energy management system will be developed, it will make use of Computational Fluid Dynamics (CFDs) to
ensure cooling systems achieve high performance, at the same time have minimum energy consumption.

4.3. Using of Artificial Intelligence in Data Center Cooling Systems

The use of Al has found its application in data centers cooling systems, which is evidenced by numerous
studies [35], through the use of Computational Fluid Dynamics (CFD) data sets, a Recurrent Neural Network (RNN)
can be used to forecast data centers eminent conditions, such as temperature variability and airflow within the
cooling systems [35], it was realized that Al driven approach minimized energy wastage, and generalized that
Al can achieve efficiency, low operational cost and facilitate sustainable environment. In other studies, Artificial
Neural Network (ANN) has been used in characterization of the dampers for thermal management [36], whereby
an automated management technique has been used to deliver cold air to individual aisles, which is in reference to
the information gathered from the Information Technology Equipment (ITE). For example, the air flow demanded
at various aisles as shown in Figure 10, the layout shows Computer Room Air Handlers (CRAH) and the optimal
location of aisles.
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Figure 10. Layout of the data center laboratory at the University Binghamton [36].

Machine learning or Reinforcement Learning (RL) [37] was used to train a model to obtain the characteristics
of Data Center (DC) room. In ideal cases, RL is usually used to control a system using trial and error strategy, but
in regard to DCs an high-fidelity model was considered, and this was accomplished through CFD that contemplated
Lattice Boltzmann Method (LBM) Bhathagar-Gross-Krook (BGK) algorithm, which factored in all the transient condi-
tions of the DC room, and was followed by the training of the RL agent that in turn controlled the cooling equipment,
itis noted that an RL agent can adapt to environmental changes and can flag the system when an equipment breaks
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down. Multi-Agent Reinforcement Learning [38] has been formulated using multiple Computer Room Air condition-
ers (CRACs) as agents, every single agent learns minimal local cooling policy which is adopted by the Counterfactual
Multi-Agent (COMA), the results showed reduction of 6.2% power consumption of CRACs when compared to the
Independent Q-Learning (IQL) method.

5. Case Study: Al-Assisted Cooling Optimization in High-Performance Computing

In the previous sections, we discussed the foundations of data center cooling systems and explored several
innovative cooling strategies aimed at improving energy efficiency and sustainability. Building on these insights,
this section presents a case study designed to demonstrate the practical application of such strategies. By examin-
ing real-world data from Frontier, currently the world’s most powerful publicly disclosed supercomputer hosted at
Oak Ridge National Laboratory, we aim to evaluate the potential of Al-assisted cooling optimization [39]. Frontier’s
infrastructure offers a unique opportunity for data-driven analysis, as it provides high-resolution measurements
of power demand, waste heat, coolant temperatures, and flow rates [39]. This case study not only quantifies avoid-
able energy waste through overcooling but also provides a data-driven perspective on how predictive models can
contribute to smarter, more efficient cooling management in high-performance computing environments.

5.1. Supercomputers and Frontier

Supercomputers are at the pinnacle of high-performance computing, designed to solve complex problems at
unprecedented speeds. These machines are not only computationally powerful but also energy-intensive, requiring
advanced cooling technologies to manage their operations efficiently. Among them, The Hewlett Packard Enterprise-
Cray EX Frontier stands out as the world’s first and fastest exascale supercomputer, ushering in a new era of com-
putational power [40] (Figure 11). Frontier is located at the Oak Ridge National Laboratory’s Oak Ridge Leadership
Computing Facility (OLCF). It comprises 74 compute rack cabinets, each containing 64 blades, with each blade hous-
ing two nodes (Figure 12). Each node is equipped with four GPUs, one CPU, 4 TB of flash memory, and its own cooling
loops. The system’s high-temperature water cooling infrastructure is integral to its operation, featuring coolant dis-
tribution units and an innovative tertiary cooling system to ensure efficiency and sustainability [39].

Figure 11. A general exterior view of Frontier located at Oak Ridge National Laboratory’s Oak Ridge Leadership
Computing Facility.

274



New Energy Exploitation and Application | Volume 04 | Issue 02

Figure 12. Components and their cooling hardware for the Frontier high-performance computing system: (a) 74
compute rack cabinets; (b) 64 blades in each rack cabinet; (c) coolant inlet and outlet in each blade; (d) two nodes
in an open blade; (e) four GPUs, one CPU, 4 TB of flash memory, and their cooling loops in each node; (f) coolant
distribution unit; and (g) high-temperature water return and supply.

Note: (CPU = central processing unit, GPU = graphics processing unit, TCS = tertiary cooling system).

5.2. Data-Driven Overcooling Detection

The analysis presented in this section utilizes real-world operational data obtained from the Frontier super-
computer, one of the most powerful high-performance computing (HPC) systems currently in operation. The pub-
licly available dataset includes time-series measurements of compute power, total waste heat, coolant flow rates,
and return temperatures. These parameters are recorded at 10-minute intervals and reflect the dynamic behavior
of Frontier’s liquid-cooling infrastructure under varying workloads [39].

Building on this comprehensive dataset, an Al-assisted model was developed to evaluate the degree of over-
cooling observed in the Frontier cooling infrastructure. The model was trained using the full dataset comprising
approximately 52,000 time-series records spanning an entire year. For illustrative purposes, a subset of 200 consec-
utive time intervals (~ 33 hours) was selected to demonstrate the modeling framework and present representative
results. The model was designed to predict the expected average return temperature of the coolant based on two
input features: compute power and total waste heat as indicated by Equation (1). The Al learns the relationship:

Treturn = f (Pcompute' Qwaste) (1)

A linear regression model was used to estimate the expected coolant return temperature based on compute
power and total waste heat. Overcooling was defined as any instance where the actual return temperature T_return
was more than 1.5 °C lower than the predicted value T_return to avoid misclassifying natural thermal fluctuations
as shown by Equation (2):

AT = Treturn = Treturn > 6 (2)

This approach enabled the identification of potential energy inefficiencies resulting from excessive cooling.
The complete structure of the overcooling detection framework including the data inputs, Al model, and decision
logic is illustrated in Figure 13.
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Figure 13. Overcooling detection framework based on ai regression model.

The model takes compute power and waste heat as input features to estimate the expected return temperature
of the coolant using a linear regression model. This predicted temperature is then compared with the actual return
temperature measured by sensors. When the temperature difference (AT) exceeds a predefined threshold (1.5 °C),
an overcooling event is flagged. This approach enables the identification of unnecessary cooling efforts, which may
lead to energy inefficiency.

5.3. Dataset Description

The dataset used in this study was obtained from the Oak Ridge National Laboratory (ORNL) and reflects one
year of operational measurements from the Frontier supercomputer—the world’s first exascale HPC system [39].
The data includes time-series records sampled at 10-minute intervals over the course of 2023. Each record captures
key parameters from the liquid-cooling infrastructure and system power metrics.

The dataset consists of 18 parameters including: coolant return and supply temperatures for three cooling
subloops, flow rates (in gallons per minute), subloop-specific and total waste heat (in megawatts), and compute
power demand. Additional parameters include total power consumption, accessory power, and Power Usage Ef-
fectiveness (PUE). These variables provide a detailed thermal and energy profile of the Frontier HPC system under
real-world workload conditions.

This dataset serves as the foundation for training the Al-based temperature prediction model, enabling data-
driven evaluation of overcooling patterns and their impact on thermal efficiency.

Figure 14 illustrates how compute power and total waste heat correlate with coolant return temperature over
a 33-hour period (200 consecutive records). As compute power increases, both waste heat and return temperature
generally follow upward trends, indicating a clear thermal response to workload intensity. The alignment of these
parameters justifies the selection of compute power and waste heat as the two input features for the Al-based
prediction model. Their combined influence captures both the processing load and the resulting thermal output,
making them effective predictors of coolant behavior under varying operational conditions.
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Figure 14. Compute power and waste heat vs. return temperature (200 consecutive records).

5.4. Model Training

To estimate the expected coolant return temperature under varying workload conditions, a supervised learn-
ing model was trained using the cleaned Frontier dataset. After removing missing and inconsistent records, the
final dataset contained approximately 49,000 valid samples. The input feature vector is defined by Equation (3):

X = [Pcompute'Qwaste] (3)

where:

*  P.ompute denotes the system-wide compute power (MW)
*  Quaste represents a total measured waste heat (MW)

The model output is identified by using Equation (4):

Treturn € R+ (4)

A linear regression model was selected due to its simplicity, interpretability, and suitability for system-level
estimation where real-time implementation and transparency are important [41]. The model was trained on the
full dataset without partitioning into training and test sets, as the primary goal was not forecasting accuracy, but
identifying thermal baselines for overcooling detection.

This approach was adopted because the study is framed as a diagnostic analysis of historical operational data,
not as a forecasting task. Using the full dataset ensures that all observed workload and thermal variations are
included in the baseline estimation, which is essential for accurately identifying systemic overcooling trends.

Since the objective of this study was not predictive forecasting but the establishment of a thermal baseline
for overcooling detection, the full dataset was utilized to capture the complete range of operating conditions and
workload variations. Nevertheless, to ensure the model’s generalizability, a time-based validation was conducted by
dividing the dataset chronologically into training and testing segments. The validation results were consistent with
the full-data model, confirming that the regression captured stable thermal trends without significant overfitting.

The loss function used for model fitting and can be identified using Equation (5) as the Mean Squared Error
(MSE):

1 S A 2
Lysg = Z Z (Treturn,i - Treturn,i) (5)

i=i

Model performance was evaluated using several standard regression metrics:

e  MSE=11.96°C?
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. RMSE = 3.46 °C
. MAE =2.76 °C
e R?score=0.357

Although the R value indicates only moderate explanatory power, the model successfully captures the general
trend between workload and return temperature. Given its lightweight structure and consistent trend alignment, this
model was deemed appropriate for identifying overcooling behavior relative to predicted thermal baselines [42].

Although the R? value is moderate, this is acceptable because the model’s purpose is not to achieve precise
predictive accuracy but to identify systemic thermal trends associated with potential overcooling behavior. The
focus is thus on trend consistency and interpretability, rather than maximizing prediction accuracy.

While more advanced machine-learning techniques such as random forests or artificial neural networks could
potentially capture nonlinear interactions, a simple linear regression model was deliberately selected to ensure key
requirements for real-time implementation in datacenter environments like interpretability, low computational
overhead, and transparency. Preliminary correlation analysis of Frontier’s dataset indicated approximately linear
trends between compute power, waste heat, and return temperature, justifying the linear assumption. Future work
will explore nonlinear extensions to assess whether marginal performance gains justify the added complexity.

The plotat Figure 15 compares model predictions with actual return temperatures over a 33-hour period. The
alignment between the two curves confirms the model’s ability to capture general thermal behavior under varying
workloads.
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Figure 15. Comparison of actual and predicted coolant return temperatures over 200 consecutive records.

5.5. Overcooling Detection and Energy Implication

To identify unnecessary cooling effort, we compared the actual return temperature T}y, With the predicted
baseline T,.p¢yrn. Overcooling was defined as any instance where the actual return temperature was at least 8 =
1.5°C below the predicted value as shown by Equation (6).

AT = Treturn = Treturn > 0 (6)

Rather than directly estimating energy losses, we adopted a relative cooling contribution metric based on the
product of coolant flow and temperature differential (AT x Q). This method allows for physically interpretable and
unit-consistent comparison of total versus required cooling effort. The required cooling was recalculated using the
threshold-adjusted formulation see Equation (7) below.

ATrequired = max(O, Treturn — Isupply — 9) (7)

The total and required cooling contributions were compared across all valid records, and the avoidable over-
cooling effort was quantified. Results showed that 6.9% of the total cooling load could be reduced without compro-
mising system thermal targets. This represents a significant energy-saving opportunity for the Frontier system. To
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account for measurement variability and model uncertainty, a sensitivity analysis was conducted by adjusting the
overcooling detection threshold (AT) within 0.5 °C around the nominal 1.5 °C baseline. The estimated reduction
in cooling effort ranged between 6.2% and 7.5%, indicating moderate sensitivity of the results to the chosen thresh-
old. Although these variations do not substantially alter the overall conclusion, they provide a confidence range
that strengthens the robustness of the findings.

5.6. Energy Impact of Avoidable Overcooling

To evaluate the broader implications of overcooling reduction, the estimated avoidable cooling effort was trans-
lated into energy consumption terms and contextualized using public-scale usage equivalents. According to opera-
tional data from the Frontier supercomputer, which sustains an average power demand of approximately 12.2 MW
throughout the year [39], a substantial portion of this load is attributed to cooling infrastructure. Prior studies
and industry assessments typically estimate that cooling systems account for roughly 30-40% of total data center
energy consumption; thus, an assumed value of 35% was adopted for this analysis [43]. Based on this proportion,
the total annual energy consumption attributed to cooling operations in the Frontier system is estimated to be ap-
proximately 37.4 million kilowatt-hours (kWh). This figure provides a baseline for assessing the potential energy
savings that could be achieved by mitigating unnecessary cooling efforts.

This estimated cooling energy corresponds to approximately 37.4 million kilowatt-hours (kWh) annually. To
contextualize this amount, it is equivalent to the annual electricity consumption of over 3100 average U.S. house-
holds, based on the U.S. Energy Information Administration’s (EIA) 2022 estimate of 11,000 kWh per household
per year [44]. Alternatively, this amount of energy could be generated by a utility-scale solar power plant with a
capacity of approximately 5 MW, assuming a capacity factor of 20% and continuous annual operation. These com-
parisons highlight the significant impact that even modest improvements in datacenter cooling efficiency can have
on energy conservation at scale, reinforcing the importance of predictive and adaptive cooling strategies (Figure
16).

LY
— oo _O_
= yaWatl 1O
— Ve Ua
Avoidable Equivalent to Equivalent to
Cooling Energy - —— 3,400 U.8. —— Annual Output
37.4 million kWh Houscholds’ ofas MW
(Frontier Data Center)  Annual Electricity Use Solar PV Plant

Figure 16. Public-scale energy equivalence of avoidable cooling in the Frontier data center.

Note: Estimated annual savings are approximate and may vary due to uncertainties in PUE and cooling energy assumptions.

When compared with previous Al-driven cooling optimization studies, the estimated 6.9% reduction in cool-
ing effort is consistent with reported efficiency gains in the range of 5-10%. For instance, Senthilkumar et al. [35]
demonstrated approximately a 5.8% reduction using a machine-learning-based thermal control framework, while
Heimerson et al. [37] achieved about 7% energy savings through deep reinforcement learning for adaptive cooling.
Similarly, Chen et al. [38] reported a 6.2% reduction using multi-agent reinforcement learning in data center en-
vironments. These benchmarks indicate that the performance of the proposed regression-based approach aligns
well with more complex Al techniques, demonstrating that even lightweight and interpretable models can achieve
comparable improvements in cooling efficiency.

6. Conclusions

Data centres have become the central hubs of the digital age. Consequently, advancements in information
technologiessuch as data analytics, cloud computing, big data, and the rapid expansion of cloud-based application-
scontinue to increase the computational load and energy demands on these facilities.
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Datacenters house numerous servers, storage devices, and networking equipment, all of which operate on elec-
tricity and inevitably generate heat, creating significant cooling challenges. Despite growing interest in “Green Data
Center” concepts and ongoing research into eco-friendly designs, contemporary datacenters still convert approxi-
mately one-third of their total energy consumption into heat.

This study has explored the impact of temperature on datacenter efficiency, supported by a thermal analysis of
a CPU heat sink to emphasize the necessity of effective cooling. A review of recent literature has also been provided,
covering the state-of-the-art in cooling systems for efficient and low-carbon-footprint datacenters.

Furthermore, waste heat utilization has been discussed as a promising strategy to improve overall efficiency,
reduce operational costs, and support environmental sustainability. These findings underscore the importance of
integrated thermal management and energy reuse strategies in the pursuit of greener, more efficient datacenter
operations.

Despite its promising findings, this study has certain limitations. The linear regression model, while inter-
pretable and lightweight, does not capture potential nonlinear interactions among thermal parameters. In addition,
the analysis is limited to historical data from a single HPC system, and real-time adaptability was not evaluated. Fu-
ture work will focus on extending the proposed framework toward dynamic cooling control through real-time feed-
back mechanisms and integrating renewable-driven cooling systems, such as geothermal or heat-pump-assisted
loops. Further testing on multiple data center environments will also help validate the model’s scalability and gen-
eralizability.
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