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Abstract

As data centers grow and face energy challenges, traditional thermal management struggles with dynamic loads,
multi-scale coupling, and heterogeneous control. This review examines Al-driven solutions for energy efficiency,
focusing on integrating deep learning and reinforcement learning. Key innovations include physics-data hybrid
models and constrained RL controllers, achieving PUE<1.2, a 55.7% reduction in fan energy, and enhanced
thermal stability. Challenges remain in explainable decision-making, hardware compatibility, and the complexity
of multi-physics simulation. Our evaluation framework emphasizes PUE and energy savings, advocating for future
advancements in digital twins, edge Al deployment, and renewable cooling integration. Policy-supported Al
implementation could increase annual energy savings to 8-12%, promoting sustainable digital infrastructure.
Future research should explore multi-scale optimization, reliable Al mechanisms, and renewable-cooling
coordination to meet dynamic demand and support carbon neutrality goals.

Keywords: Artificial Intelligence, Data Center, Energy Consumption, Thermal Management, Deep Learning,
Reinforcement Learning

1. Introduction

Since the Third Industrial Revolution, rapid advances in information technology (IT) have profoundly transformed
modern society. This growth is embodied by the continuous expansion of data centers (DCs), which aggregate
large-scale IT infrastructure[1]. By 2019, China hosted approximately 74,000 data centers of various sizes, as
reported by CCID Consulting [2]. Globally, electricity consumption by data centers increased sharply from 152
billion kWh in 2005 to about 238 billion kWh in 2010 [3]. During 2000-2010, the average annual growth rate of
energy use in data centers reached 11%, far exceeding the 3% growth observed across the general industrial sector
[4].

In China alone, data center energy consumption reached 150.7 billion kWh in 2020, representing nearly 2% of the
country’s total electricity use and resulting in approximately 90 million metric tons of carbon dioxide emissions
[5]. With the rising demands of artificial intelligence (Al) and big data, power densities per rack are also
increasing—roughly one-third of data centers worldwide now use racks rated at 30 kW or higher. According to
the International Energy Agency (IEA), energy consumption from data centers could double by 2026 due to Al
and cryptocurrency operations [6,7]. These trends underscore the urgent economic and environmental challenges
posed by data centers and highlight the need for more efficient energy management practices.

Current performance metrics reveal significant opportunities for improvement. Many facilities exhibit Power
Usage Effectiveness (PUE) values between 2.00 and 2.49, indicating substantial energy waste [8]. As a result,
enhancing the efficiency of both IT and cooling systems has become a major focus for operators. Cooling
equipment, in particular, is the largest energy-consuming auxiliary system, accounting for 30-50% of a data
center’s total energy use [9,10]. Effective thermal management is essential to maintain reliable operating
conditions and prevent hardware failures [11].

Research efforts have explored various strategies to reduce energy consumption in cooling systems, including
improving equipment efficiency [12], optimizing room layout [13], enhancing airflow organization [14,15],
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transitioning from room-level to rack-level cooling [16], integrating natural cooling sources [17], and adopting
liquid cooling technologies [18]. As gains from hardware improvements diminish, the role of intelligent control
systems in achieving precise and efficient cooling has become an increasingly critical area of research [19].

Air cooling remains the dominant solution, valued for its simplicity, reliability, and low cost. Nevertheless, it
suffers from inherent limitations due to the low density and heat capacity of air [20]. Furthermore, the design and
control of air-cooling systems have a decisive impact on overall energy performance [21]. Current thermal
management strategies face several challenges. First, control systems are typically divided into chip-level, rack-
level, and system-level, yet research has tended to optimise these in isolation, with limited progress on coordinated
control across levels [22,23]. Second, the thermal dynamics within servers and rooms are highly complex, shaped
by interactions among CPUs, memory, drives, and other components. These interactions complicate both thermal
modelling and monitoring [24]. Third, model accuracy is often constrained by the complexity of thermal states
and the high dimensionality of influencing variables. Finally, thermal response is subject to significant latency:
while high-fidelity Computational Fluid Dynamics (CFD) models offer precision, they are computationally
expensive, whereas simplified models may lack sufficient accuracy [25].

Addressing these challenges requires a comprehensive review of existing control methods and strategies. This
study focuses on conventional air-cooling systems, with particular attention to improving the performance of
server fans and Computer Room Air Conditioning (CRAC) units through advanced control techniques. Such
optimisation provides multiple benefits: reducing energy consumption, improving thermal load management, and
meeting operational requirements [26]. More precise fan control, for instance, can reduce hotspots, achieve more
uniform cooling, and enhance overall system reliability [27]. In turn, effective cooling strategies help to safeguard
servers from failure and minimise downtime [28].

This paper systematically reviews the application of artificial intelligence in data centre thermal management, with
a focus on server fan regulation, CRAC optimisation, and coordinated multi-equipment control. The objective is
to build an intelligent management framework that is dynamically adaptive, highly efficient, and energy-saving.
Such a framework promises improved thermal regulation, closer integration between cooling systems and IT
operations, and enhanced overall reliability. The paper is organised as follows: Section 1 outlines the importance
of energy efficiency and the challenges in data centre cooling. Section 2 reviews key Al technologies, including
the evolution of deep learning and advances in reinforcement learning. Section 3 introduces Al-driven optimisation
methods, focusing on environmental modelling, closed-loop control, and prediction—optimisation frameworks.
Section 4 presents a comparative analysis of modelling approaches and evaluation metrics. Section 5 concludes
with the main contributions and future directions for thermal management in data centres.

2. Data Center Energy Management Challenges
2.1 Energy Consumption Indicator System

To evaluate data centre performance, several energy efficiency indicators have been introduced. Among these,
Power Usage Effectiveness (PUE), proposed by The Green Grid Association in 2006 [29], remains the most widely
used [30]. PUE is defined as the ratio between total facility power (TFP) and total IT power (TITP) [31,32]. As
shown in Equation (1).It reflects the proportion of energy consumed directly by IT equipment versus that required
for auxiliary operations such as cooling, power distribution, and other building services [33].

TFP

pup=2TFP

D .TITP

(1)

By definition, PUE values are always greater than 1. A theoretical value of 1 would imply that all energy is

consumed exclusively by IT equipment, which is unattainable in practice due to unavoidable overhead. However,

lower values approaching 1 indicate higher operational efficiency [34]. Thus, PUE serves as a practical benchmark
for comparing data centre energy performance.

Although PUE is the dominant metric, it has limitations, as it does not directly account for workload characteristics
or energy proportionality across systems. To complement PUE, additional metrics—such as Data Centre
Infrastructure Efficiency, Carbon Usage Effectiveness (CUE), and Water Usage Effectiveness (WUE)—have been
developed [35-37]. These provide broader perspectives on sustainability by including carbon emissions, water
consumption, and resource utilisation, offering a more holistic view of data centre efficiency.
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2.2 Key Thermal Management Challenges

Thermal gradients within data centres significantly affect equipment reliability, energy efficiency, and operating
costs. These gradients arise from uneven heat transfer across the facility, leading to inter-rack temperature
differences, fluctuations at server surfaces, and vertical stratification in rooms. According to ASHRAE standards
(2010) [38], hardware failure rates increase sharply once local temperatures exceed recommended thresholds (e.g.,
38 °C for Class A1 environments). As such, managing thermal gradients is a central challenge in data centre design.
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Figure 1. Allowable thermal conditions for A1~A4

At the macro scale, mismatches between cooling supply and workload distribution create non-linear thermal fields.
Uniform airflow delivery, typical in conventional room-level cooling, struggles to address heterogeneous loads
[39]. High-density racks (>15 kW/rack) often experience inadequate cooling due to airflow imbalances such as
the Venturi effect [40]. At the micro scale, chip-level power variations and 3D packaging intensify intra-server
heat accumulation [41].

Airflow management deficiencies further exacerbate gradients. Hot air recirculation can raise inlet temperatures
by 5-8 °C, while bypass airflow exceeding 40% reduces cooling efficiency by more than 30% [42]. Moreover,
transient events—such as virtual machine migrations—can trigger sudden thermal oscillations, complicating stable
control [43].

Workload volatility is another major challenge for thermal management. These fluctuations, driven by elastic
service demands, virtualisation, and Al workloads, cause rapid changes in server power consumption [44].
Examples include second-scale traffic surges in online services, abrupt local power shifts during VM migration
[45,46], and pulsed loads in GPU clusters during training [47].

Such dynamics create three main problems. First, cooling systems like CRAC units, with minute-scale response
times, cannot match the speed of workload spikes, which may exceed 200% within seconds [48]. Second, over-
provisioned cooling infrastructure, sized for peak demand, often runs inefficiently under typical loads, with
utilisation rates reported below 40% [49]. Third, while techniques such as dynamic voltage and frequency scaling
(DVFS) can lower chip temperatures, they may increase overall energy use due to task delays [50].

2.3 Analysis of Existing Technical Bottlenecks

Current thermal management technologies in data centers face multiple constraints that impede the co-optimization
of energy efficiency and reliability.

Firstly, multi-scale thermal coupling modeling suffers from an accuracy-realtime trade-off: While traditional CFD
simulations enable high-fidelity temperature field prediction, full-scale room modeling requires hours to days[51],
rendering it impractical for minute-scale response to dynamic workloads. Conversely, simplified lumped
parameter models neglect local turbulent effects, incurring >15% prediction errors in high-density rack scenarios
(>30kW/rack) [52], which compromises transient thermal shock anticipation (e.g., second-scale GPU temperature
spikes).Secondly, control strategies exhibit problematic static and experience-dependent characteristics: Fixed-
threshold PID control and rule-based scheduling frequently cause overshoot during load surges, with Google case
studies showing 40% increased temperature fluctuation standard deviation and 12-18% overcooling energy
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waste[53]. The strong multivariable coupling in air-liquid hybrid cooling systems further exacerbates coordinated
control complexity. Thirdly, spatiotemporal resolution limitations in monitoring networks are pronounced:
Existing sensor networks deployed at 5-10m intervals with sub-1Hz sampling rates [54] cannot capture vertical
thermal stratification within racks or chip-level micro-hotspots. Rack sensor density reductions of 50% increase
hotspot miss probabilities from 8% to 35%[55]. Fourthly, the Pareto dilemma between energy efficiency and
reliability remains unresolved: Raising cold-aisle temperatures improves PUE but reduces CPU lifespan to 32%
when junction temperatures approach the 85°C threshold [56]. Conversely, excessive temperature control degrades
PUE beyond 1.5 - a particularly acute conflict in constrained environments like edge data centers. Finally,
sustainable cooling technologies face scalability barriers: Practical adoption is hindered by phase change materials'
(PCM) limited latent heat capacity (<200 kJ/kg) (Wang et al., 2021)[57], thermoelectric coolers' (TEC) efficiency
collapse under high loads[58], and >20% performance degradation in low-GWP refrigerants [59].

These bottlenecks collectively reveal fundamental limitations in dynamic responsiveness, multi-objective
optimization, and cross-scale coordination within contemporary thermal management paradigms, necessitating
innovative approaches that transcend conventional theoretical frameworks.

3. Foundations of Next-Generation Al Technologies

As data centers grow in scale and face rising energy challenges, the convergence of Deep Learning (DL) and
Reinforcement Learning (RL) has become a critical driver of efficiency. This section reviews research progress
from two perspectives: the evolution of system architectures and advances in algorithmic design. Together, these
developments illustrate the shift from static, single-objective optimization toward dynamic coordination across
multiple subsystems.

3.1 The Evolution of Deep Learning Technology Architecture

Deep Learning has enhanced the ability to characterize, predict, and control complex energy systems through
innovations in model design, training efficiency, and hardware integration. In terms of model architectures,
researchers have moved beyond single-modal designs by integrating heterogeneous data sources. For example,
Ran et al. [60,61] proposed a Parameterized Deep Q-Network (PADQN) that jointly encodes discrete scheduling
and continuous cooling into one action space. By introducing a temporal factor mechanism (PADQN-D), they
coordinated IT scheduling on a minute scale with cooling control on a second scale, reducing overall energy use
by 15%. Building on this, Zhou et al. [62] coupled computational fluid dynamics with deep reinforcement learning
to develop a digital twin platform (Figure. 2(a)). This system achieved a 9% reduction in IT energy and a 15%
reduction in cooling energy by aligning thermal-aware scheduling with load-aware cooling. Similarly, Wang and
Yi [63,64] applied Long Short-Term Memory (LSTM) networks to predict network traffic and server thermal
inertia, enabling optimized routing and job allocation that cut network energy by 10% and lowered server
temperatures by 3°C.

Progress has also been made in training mechanisms. Li et al. [65] improved Deterministic Policy Gradient (DPG)

by adding a dual-critic undervaluation elimination mechanism, which reduced prediction bias in cooling control

and saved 15% energy. Chi et al. [66] introduced a Multi-Agent Distributed DDPG (MAD3C) framework (Figure.

2(b)) that uses adaptive scoring for coordinated decision-making, achieving a 16.42% reduction in energy use.

Yang et al. [67] combined Dueling Double Deep Q-Networks (D3QN) with Value Decomposition Networks (VDN)
to coordinate decisions among battery, workload, and waste-heat management agents, reducing renewable energy

waste by 18.37%.

At the hardware level, deep reinforcement learning (DRL) has been linked with physical models to improve control
precision. Chu et al. [68] embedded thermo-hydraulic models (with less than 5% Nusselt number error) into DRL
to dynamically adjust fan duty cycles, cutting fan energy by 55.7%. Wan et al. [69] developed a distributed control
algorithm based on the Dyna architecture (Figure. 2(c)), which improved rack-level cooling uniformity through
shared reward and state recognition mechanisms. Collectively, these advances demonstrate how innovations in
modeling, learning algorithms, and hardware integration are driving more efficient energy management.
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Figure 2. (a) DRL-based workflow for heterogeneous integration solutions; (b) DRL-based joint control system
design for training mechanism optimization; (c) Distributed control algorithm based on Dyna architecture at the
hardware level

3.2 Scenario-Adaptive Innovations in Reinforcement Learning Paradigms

RL has made notable progress in addressing the optimization challenges of data centers, which operate under strict
constraints and rapidly changing conditions. Recent research has focused on three key aspects: ensuring
operational safety, improving learning efficiency, and balancing multiple dynamic objectives.

In terms of safe and efficient exploration, Wan et al. [70] proposed SafeCool, a risk-aware model-based RL
approach that builds transition models to predict future system states. By integrating risk evaluation with Model
Predictive Control (MPC) and rolling optimization, the method dynamically adapts cooling strategies and reduced
safety violations to as low as 0.03%.

Progress has also been achieved in how state and action spaces are represented. Shaw et al. [71] developed a
continuous percentage space model that translates complex parameters—such as VM utilization and migration
costs—into a unified 0—100% scale. When combined with Sarsa and potential-based reward shaping, this method
reduced SLA violations by 63%. Similarly, Farahnakian et al. [72] proposed the RL-DC framework, which applies
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hierarchical action decomposition: an upper-level Q-learning agent manages host power mode transitions, while a
lower-level module selects VM migration targets. This structure significantly reduced decision complexity.

Multi-objective optimization has been another focus. Yan et al. [73] incorporated battery degradation into charge—
discharge control by applying prioritized experience replay with DQNs. Their model dynamically balanced cost
savings against battery wear, increasing the net revenue of energy storage systems by 55%.

Together, these studies highlight how reinforcement learning can deliver systematic optimization in data centers—
achieving safer operation, more efficient learning, and improved balancing of competing objectives.

4. AI-Driven Energy Efficiency Optimization Technologies
4.1 Dynamic Environment Modeling Techniques

Dynamic environment modeling forms the foundation of thermal management optimization in data centers. These
techniques establish relationships between environmental parameters and equipment responses, providing the
theoretical basis for control strategies. Current research mainly follows two complementary directions: physics-
based approaches and hybrid data—physics approaches, which differ in accuracy and computational efficiency but
can also reinforce each other.

Physics-based approaches rely on fluid dynamics and thermodynamic equations to describe environmental
behavior. One early example is the Temperature Change Index (TCI) model proposed by Bash et al. [74], which
used distributed sensors to collect temperature data and adjusted CRAC supply air setpoints with PID control.
Building on this, Baxendale et al. [75] introduced regression-based temperature prediction to regulate return air
setpoints, updating them every 30 minutes. More recently, Sami Alkharabshe et al. [76] applied CFD simulations
to study airflow resistance inside servers, showing that internal resistance in modular data centers can reduce
airflow by up to 60%. This finding provides a physical basis for optimizing fan design and layout. While such
methods offer clear physical interpretability, their high computational cost limits their use in real-time control.

To overcome this limitation, hybrid data—physics approaches combine physical modeling with data-driven
techniques. Simon et al. [77] integrated CFD simulations with artificial neural networks (ANNs), using Latin
Hypercube Sampling to generate diverse CFD datasets for ANN training. This enabled multi-unit cooling control
with better energy efficiency than traditional PID methods. Similarly, Lorenzi et al. [78] replaced computationally
intensive CFD with neural networks that predict server inlet and CRAC return temperatures based on airflow and
power inputs. When embedded in cooling system models, this approach supported closed-loop control and
achieved 30% annual energy savings. These methods use physical models to generate training data while
employing data-driven models to capture nonlinear dynamics, striking a balance between accuracy and real-time
performance.

Further progress has been made by embedding hybrid models into broader control frameworks. Choi et al. [79]
developed a Cyber-Physical System (CPS) that integrates physical modeling with adaptive algorithms and
Bayesian hyperparameter tuning, enabling accurate prediction and stable cooling control. Huang et al. [80]
proposed a hierarchical approach in which air conditioning systems are modeled using both low-order linear
physical models and high-order nonlinear Random Vector Functional Link (RVFL) neural networks [81]. This
dual-structure method efficiently captures complex nonlinear behaviors while maintaining computational
efficiency.

4.2 Closed-Loop Control Strategies

The workflow of closed-loop control strategies in data centers operates in the following manner. Sensor data are
first transmitted to control servers, where they are aggregated and processed to extract key control parameters.
These parameters are subsequently fed into evaluation algorithms, which incorporate both classical control
methods and agent-based strategies. The algorithms generate updated setpoints, which are then dispatched to
actuators—such as compressors, fans, and dampers in smart ventilation systems—to adjust their operational states.
The resulting changes in system conditions are monitored and fed back to the control servers, forming a continuous
feedback loop that enables dynamic regulation and optimisation of environmental factors.

As shown in Figure. 3, closed-loop control is shifting the paradigm in data center management from reactive failure
remediation toward proactive risk prevention. Through collaboration across industry, academic, and research
sectors, these strategies help overcome bottlenecks in real-time performance and system reliability. This approach
also supports the objectives of national initiatives such as the “East Data, West Computing” project, which aims
to achieve annual energy savings of up to 12%.
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Fan systems in data centers regulate indoor airflow through operational adjustments, with layout designs varying
across different configurations. As shown in Figure 4(a), standardized chassis often come with predefined fan
arrangements aimed at optimising airflow and improving cooling efficiency. Functionally, these fans are
categorised by their installation positions: intake fans draw cold air from outside into the facility, while exhaust
fans remove hot air from the server environment. Through coordinated operation, they ensure efficient delivery of
cold air to server zones and prompt extraction of hot air, thereby avoiding uncontrolled mixing of air streams. This
synergy enhances both fan cooling effectiveness and overall thermal management.

However, conventional control strategies—such as fixed-speed operation or basic threshold-based mechanisms—
are unable to adapt effectively to dynamic changes in thermal load. This shortcoming is especially evident in multi-
heat-source, high-density server clusters, where balancing fan energy use with adequate cooling presents a major
challenge.

In response, researchers have begun developing intelligent, algorithm-driven control methods for fan operation. A
summary of these results is provided in Table 1.

Table 1. Literature Review on Fan System Selection Design Using Model-Based Control

Authors Model Objective Control Solution
variables
Ghazal Mohsenian ANN Improve energy fan speed Build and train the model
et al.[82] efficiency
Berezovskaya et Server Fan Minimize fan power fan speed Adjust fan speed via
al.[83] agent consumption heuristic rules
Berezovskaya et RL Reduce fan energy fan speed
al.[84] consumption
Brannval et al.[85] RNN Low electricity bills fan speed Optimization problem
Wang et al.[86] Power and Minimize fan power fan speed Convex optimization
temperature consumption
Zapater et al.[87] Leak model Energy consumption is fan speed LUT, Bang Bang control
reduced to a minimum. strategy
Lucchese et al.[88] Flow model Minimize overall fan speed  Discrete-time RHC strategy
cooling costs with fixed sampling period

Beyond server-level strategies, rack-scale control has emerged as a promising direction for improving cooling
efficiency. For example, Eiland et al. [89] proposed replacing individual server fans with shared rack-mounted
fans, using larger units to cool multiple servers simultaneously. They also examined how fan sizing influences
energy consumption. Expanding on this concept, Fernandes et al. [90] developed a control system for rack fans
that interfaces via microcomputers with the servers' baseboard management controllers (BMCs). This system
dynamically adjusts each rack fan’s speed according to the control signals originally intended for the individual
server fans.

In parallel, Li et al. [91] focused on optimizing thermal design within data center cabinets. They developed a
reduced-order model using Proper Orthogonal Decomposition (POD) combined with an improved Multi-Objective
Genetic Algorithm (MOGA). By integrating Kriging surrogate models, their approach reduces the number of
simulation calls required to estimate Pareto fronts by 50% compared to conventional MOGA, offering an efficient
solution for complex thermal design problems.

Data center cooling systems typically employ dedicated CRAC units and are often designed with segregated hot
and cold aisles to improve thermal management. As shown in Figure. 4(e) [92], CRAC units supply cold air
(indicated by blue arrows) from lower vents and extract hot air (red arrows) through upper sections. This physical
separation guides cold airflow directly to server intakes at the front, while hot exhaust air is efficiently captured
from the rear. Containment of air streams reduces unintended mixing, thereby increasing cooling efficiency and
overall system performance.

To achieve further energy savings, variable frequency drives and smart control systems can be integrated. These
technologies adjust cooling output dynamically according to real-time temperature and humidity conditions,
enabling more precise and efficient environmental control. Moreover, CRAC operation significantly affects the
server microclimate. In particular, the temperature at server inlets—which is used by infrared equipment to trigger
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cooling requests—directly influences the effectiveness of fan cooling. This leads to a critical trade-off: higher inlet
temperatures (e.g., above 27°C) reduce CRAC energy use but impair server fan performance, whereas lower inlet
temperatures (below 24°C) improve server cooling at the expense of higher CRAC energy consumption. As
indicated in Figure. 5, studies suggest an optimal server inlet temperature range of 24—27°C for minimizing total
cooling energy [93]. Control strategies for CRAC systems, much like server fan control, can be categorised as
model-based or model-free. Key differences between the two arise from operational scales—room-level versus
device-level—and variations in thermal response times.

Total Energy: IT plus Cooling

-=-Combined IT & Cooling
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Facility Operating Temperature, Entering Server (°F)

Figure 5. Total Energy -IT plus cooling vs Operating temperature

Recent research in thermal management for data centers has increasingly moved beyond single-component control
toward integrated optimization across multiple systems. A prominent example is the coordinated control of server
fans and CRAC units. Chen et al. [94], for instance, developed a predictive feedforward-feedback controller based
on thermodynamic models that account for time-delay effects. Their approach features a multi-level monitoring
system—spanning both server and room scales—a hybrid prediction model combining thermodynamics and
machine learning for short-term temperature forecasting, and a dynamic programming algorithm aimed at
minimizing energy use under thermal constraints. This coordinated strategy effectively reduces both overcooling
and localized hot spots—common issues in decoupled control—while also leveraging IT workload scheduling to
lower cooling energy consumption.

In response, Ayoub et al. [95] introduced the GentleCool framework, which incorporates cooling energy costs into
workload scheduling decisions through thermal-aware policies. By combining steady-state modeling with thermal
simulation, their method enables dynamic optimization across infrastructure layers and improves thermal
distribution through task migration at the chip and virtual machine levels—reportedly reducing cooling time by
60% in experimental settings. Their subsequent JETC algorithm further integrates memory and CPU load
management with server fan control via PI controllers, improving thermal coupling and energy efficiency.

Concurrently, Huang et al. [96] expanded the scope of optimization to include cooling towers and overall
infrastructure. They proposed a hierarchical thermal-aware power management strategy: at the data center level,
HVAC setpoints are dynamically adjusted to optimize cooling power, while at the server level, V-shaped power
curves are used to guide thermal setpoint tuning. Their experiments demonstrated a 5.4% reduction in total server
power.

Despite these advances, widespread model simplifications—such as fixed temperature setpoints and linearized
server energy models—remain common. Future progress will likely require greater computational resources to
support more complex and dynamic models, enabling more accurate system representations and facilitating the
transition from experimental research to real-world implementation.

4.3 Prediction-Optimization Joint Framework

In recent years, research in data center thermal management has undergone a significant shift—from isolated
prediction or control approaches toward integrated prediction—optimisation frameworks. By combining dynamic
prediction models with intelligent optimisation strategies, these frameworks allow precise regulation of thermal
conditions and considerably improve energy efficiency. The following sections review recent advances across
three core areas: prediction modelling, optimisation methodologies, and synergistic mechanisms.
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The joint framework enables dynamic and intelligent regulation through closed-loop feedback, offering advantages
across three key aspects: real-time control, multi-objective coordination, and risk prevention.

In the context of real-time control, Chen et al. [97] developed the PTEC system, which uses sensor networks to
predict inlet temperatures and dynamically adjusts fan speeds and cooling equipment, effectively reducing
recirculation-related energy losses.

For multi-objective coordination, Xu et al. [98] combined Support Vector Regression (SVR), Logistic Regression
(LR), and Light Gradient Boosting Machine (LGBM) to develop a predictive model (RMSE = 0.086). This model,
integrated with multi-objective optimization, helps balance energy efficiency and thermal safety.

In the area of Model Predictive Control (MPC), Wan et al. [70] combined an MPC architecture with risk-aware
exploration, achieving a 13.18% reduction in cooling energy consumption through rolling-horizon optimisation.
Similarly, Yao et al. [99] developed an RLS-MPC framework that adapts model parameters online using recursive
least squares, simultaneously lowering total power consumption and improving temperature tracking accuracy.

Beyond MPC, evolutionary algorithms offer efficient solutions for complex optimisation tasks. Song et al. [100]
introduced a Chaotic Firefly Genetic Algorithm (CFGA) to tune PID controller parameters, enhancing air
conditioning efficiency when coupled with artificial neural network predictions. In a complementary approach,
Zapater et al. [101] used Grammar Evolution (GE) to automatically optimise hyperparameters of thermal
prediction models, maintaining CPU temperature prediction errors within 2°C.

At the level of task scheduling and resource allocation, Wang et al. [102] designed a server scheduling algorithm
based on spatiotemporal temperature forecasting. By minimising inter-rack temperature variations, they reduced
the incidence of over-heated and over-cooled servers by 19-32%. Liu et al. [103] employed Long Short-Term
Memory (LSTM) networks to predict power patterns of equipment, enabling dynamic load adjustment that cut
overall operational costs by 20.6%. These studies highlight the benefit of tightly integrating prediction and
optimisation within thermal management systems.

In intelligent cooling systems for data centers, integrated closed-loop feedback frameworks substantially improve
both energy efficiency and thermal safety through multi-level dynamic regulation, as depicted in Figure. 4.

As summarised in Table 2, current research indicates that although traditional CFD simulations deliver high
predictive accuracy, they require substantial computational resources, often resulting in simulation times ranging
from 2 to 72 hours. In contrast, data-driven approaches significantly reduce computation time to values between
seconds and several minutes (10 seconds to 5 hours), while maintaining a mean absolute error (MAE) typically
within 1-2°C. Hybrid modelling techniques further improve this trade-off by integrating physical constraints with
data-driven features. These methods achieve higher accuracy, with MAEs between 0.5-1°C, and simultaneously
enhance extrapolation capability beyond the training data.

Table 2. Comparative analysis of data-driven methods and simulation calculations

Authors Model Prediction Computation time Control group under identical
direction conditions with required time
Wanetal  SafeCool Cooling 7.01 seconds The MBRL-MPC algorithm involves
[70] management complex computations, resulting in
prohibitively long decision times
Asgariet  Grey-box Temperature < 0.5 seconds < 0.5 seconds
al [74] model
Saiyad et ANN Thermal 10-30 seconds CFD computational time
al [93] parameters significantly exceeds that of the
proposed model
Song et al ANN Thermal Several minutes Full CFD simulations demand
[100] operating approximately 72 hours
conditions
Songetal VPM and Airflow Transient Each transient CFD simulation
[104] GA computations require requires =2 hours for convergence
only 1 minute
Jin et al POD - Temperature field 30 seconds In contrast, CFD requires =2 hours
[105] MARS
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Authors Model Prediction Computation time Control group under identical

direction conditions with required time
Wang et Kalibre Temperature Approximately 5 The Kalibre model outperforms CFD
al [106] hours

5. Methodological Comparison and Evaluation Framework
5.1 Comparative Analysis of Modeling Paradigms

The rapid advancement of artificial intelligence and cross-disciplinary technologies has spurred diverse
innovations in modelling approaches. These range from mechanism-based dynamic physical models to data-driven
black-box predictions, grey-box hybrid models, and reinforcement learning-enabled autonomous optimisation.
Each paradigm offers distinct advantages in specific applications, yet also faces inherent limitations in adaptability.
For example, the VPM zonal model proposed by Song et al. [104] significantly improves computational efficiency
but struggles to capture airflow details under off-design conditions. In contrast, Zhu et al.’s digital twin framework
[107] supports dynamic optimisation—though it relies on continuous calibration via high-precision sensor
networks.

Given these trade-offs, a systematic comparative analysis of modelling paradigms is crucial to assess their
applicability boundaries, performance constraints, and potential for integration. Such evaluation is essential for
developing efficient, robust, and scalable thermal management systems in data centers. A comprehensive
comparison of mainstream paradigms—including dynamic physical models, data-driven modelling, hybrid
approaches, and reinforcement learning—is provided in Figure.6, illustrating their architectural layouts and
operational workflows.
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5.2 Evaluation Metrics System

PUE serves as a core metric for evaluating energy efficiency in data centers, directly quantifying the ratio between
the energy consumed by IT equipment and the total energy used by the facility. According to estimates from [108],
the global average PUE is projected to reach approximately 1.55 by 2025 (Fig. 7), although leading facilities have
already achieved values below 1.2. Notable contributions driving this progress include: a digital twin-assisted heat
pipe cooling system by Zhu et al. [107], which reduced PUE from 1.325 to 1.248; a genetic algorithm-based
dynamic load control strategy by He et al. [109] that reached a PUE of 1.221; and a virtualization-guided resource
consolidation approach by Jia et al. [110] that consistently maintained PUE below 1.5. Together, these studies
illustrate a multi-faceted approach to energy reduction, combining advanced cooling, operational optimization,
and renewable integration—with some experimental systems even attaining PUE values under 1.1.

Policy measures are further accelerating efficiency gains through three key mechanisms: mandatory standards
(such as the EU’s requirement for PUE < 1.3), fiscal incentives (supporting Al-driven optimization research), and
transparency frameworks (e.g., Singapore’s mandatory PUE reporting).

From an economic perspective, improving PUE offers nonlinear energy savings. Reducing PUE from 2.0 to 1.5
cuts total energy use by 25%, while a further reduction to 1.2 saves an additional 20%. For example, a 10 MW

data center can save approximately $1.2 million annually for every 0.1 reduction in PUE, assuming an electricity
cost of $0.1 per kWh. Moreover, facilities with lower PUE values often benefit from improved access to green

financing, reducing borrowing costs by 1.5 to 2 percentage points.
Global dynamic PUE

2022
2023
2024
2025
2026
2027 r
2028
2029 r
2030

Figure 7. Regression results of the global average PUE of data centers

To systematically assess the practical performance of energy-saving technologies in data centers, this section
summarizes key energy-saving metrics from recent representative studies covering multiple technical approaches.
These include predictive neural networks, reinforcement learning, digital twins, and genetic algorithms. As
presented in Table 4, the energy-saving outcomes and quantitative results achieved by these methods are compiled
to offer critical reference information for subsequent technology selection and optimisation.

Table 4. Comparison of energy-saving technology benefits of data centers

Authors Core Issues Model Methods Results
Hsieh et al Elevated cooling Gray - Markov Predicting CPU 9.6%-25.6% energy
[111] costs utilization reduction vs baselines
Pakbaznia et  High cooling energy TASP Load allocation 5.8%-9.3% energy
al [112] savings
Damme etal High cooling energy =~ Thermodynamic Minimizing datacenter Up to 30% energy
[113] Model energy consumption reduction
Zhou et al Elevated cooling KMI - MPCU Optimizing resource >40% energy + SLA
[114] costs and SLA allocation violation reduction

violation rates
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Authors Core Issues Model Methods Results
Banerjee et High cooling energy HTS Cooling-integrated 3.81%-16.0% savings
al [115] thermal-aware vs EDF-LRH
scheduling
Tang et al Elevated cooling XlInt - GA and XInt Minimizing inlet 24%-35% cooling
[116] costs - SQP temperature peaks savings (50% util) vs
UT/UOP
Leietal High cooling energy OL-PICEA-g Intelligent scheduling ~ Superior C-metric vs
[117] strategies PICEA-g/OL-PICEA-
g

As shown in the table, deep reinforcement learning and neural networks are particularly effective in multi-variable
cooperative optimisation, delivering energy savings of up to 60%. Network-layer optimisation also shows
significant potential; through topology reconfiguration and adaptive routing strategies, communication energy
consumption can be reduced by 20% to 60%. Meanwhile, improving cooling systems remains a central challenge,
with integrated control strategies consistently achieving average energy savings between 15% and 30%. It should
be noted, however, that the applicability of each technology depends on factors including data center scale,
workload profiles, and existing infrastructure configurations.

6. Conclusions and Outlook

The application of Al in data center energy management and optimisation continues to evolve. Techniques such
as dynamic environmental modelling, closed-loop control, and integrated prediction-optimisation frameworks
have significantly improved the energy efficiency of cooling systems and the precision of thermal management.
Al methods—particularly deep learning and reinforcement learning—have led to notable advances in key areas
including server fan control, CRAC operation, and coordinated management of multiple devices. These
improvements are supported by multimodal model integration, adaptive algorithms, and hardware-in-the-loop
optimisation. As a result, PUE values have been optimised—in some instances below 1.2—cooling energy
consumption has been reduced by up to 55.7%, and operational stability under varying workloads has improved.

Globally, data centers are transitioning from conventional designs toward smarter and more sustainable
infrastructures. Under hybrid deployment models, the co-existence of high-density computing equipment,
heterogeneous hardware, and legacy systems intensifies challenges such as uneven thermal distribution, slow
response to dynamic loads, and difficulties in modelling multi-scale thermal interactions. Although Al shows great
promise, several limitations remain: current models struggle to adapt to emerging cooling technologies such as
immersion cooling and edge computing; the lack of transparency in Al decision-making hinders trust in critical
operations; and high computational costs for multi-physics simulations and real-time control continue to pose
barriers.

Future research should focus on the following five priorities:

1. Multi-Physics Digital Twins: Develop integrated digital twin platforms that combine CFD-based thermal
models, power system dynamics, and workload forecasting. These systems should address current
inaccuracies—for example, in immersion cooling (where thermal conductivity errors may exceed 20%) or
heterogeneous hardware setups. Incorporating reduced-order modelling techniques, such as tensor
decomposition, could accelerate simulation speeds by more than tenfold.

2. Edge Intelligence: For edge data centers with limited resources, lightweight deep reinforcement learning
frameworks—with under one million parameters—should be developed to enable local inference within 50
milliseconds using knowledge distillation. Federated learning could further support privacy-preserving
collaboration across nodes.

3. Trust and Security: Improve the interpretability of Al decisions through causal inference models and
establish probabilistic bounds for thermal risks with high confidence (e.g., >99.9%). Compliance with
international standards such as ISO 30134 will be essential for deploying Al control in critical infrastructure.

4. Adaptation to New Cooling Technologies: Al should be tailored to support liquid cooling (offering 40
times greater thermal capacity than air) and phase-change materials (with latent heat over 200 kJ/kg). Physics-
informed reinforcement learning can help achieve microsecond-level response times and suppress nonlinear
thermal surges.
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5. Green Energy Integration: Develop joint optimisation models coordinating cooling with renewable energy
sources (wind, solar) and storage. Battery lifetime-aware reinforcement learning can increase renewable
utilisation, and virtualisation technologies may help prototype zero-carbon data center systems.

Driven by policy goals—such as the EU requirement of PUE < 1.3—and cross-sector collaboration, Al is expected
to help data centers achieve annual energy savings of 8—12%, supporting a sustainable digital economy worldwide.
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