ﬂ buildings

Review

Thermal Environment Assessment for Energy-Efficient
Cooling in Air-Cooled Data Centers: Measurement, CFD, and
Predictive Modeling

Haijun Tan !, Shanran Wang 23, Wenli Liu ! and Pin Li **

Academic Editor: Yaolin Lin

Received: 13 August 2026
Revised: 22 September 2026
Accepted: 25 September 2026
Published: 28 September 2026

Copyright: © 2026 by the authors.
Licensee MDPI, Basel, Switzerland.
This article is an open access article
distributed under the terms and
conditions of the Creative Commons
Attribution (CC BY) license.

1 School of Energy and Electrical Engineering, Qinghai University, Xining 810000, China;
ys250858021285@mailbox.ghu.edu.cn (H.T.); 2024990040@qhu.edu.cn (W.L.)

2 School of Aeronautic Science and Engineering, Beihang University, Beijing 100191, China;
wang_shanran@buaa.edu.cn

3 Wuhan Second Ship Design and Research Institute, Wuhan 430205, China

* Correspondence: lipin_sam@qhu.edu.cn

Abstract

Maintaining a stable thermal environment is essential for ensuring data center thermal
safety and reliable operation. However, existing studies lack a systematic synthesis of
thermal environment measurement, modeling approaches, and their contributions to en-
ergy-efficient cooling. This review systematically analyzes 77 studies published since 2010
on experimental measurement, CFD simulation, and predictive modeling of data center
thermal environments. The review identifies representative measurement strategies at
rack and room scales, analyzes factors affecting CFD reliability, and evaluates the applica-
bility of predictive models based on experimental and simulation data. Most experimental
studies focus on temperature and airflow, while only about 30.7% of the 39 experimental
studies include power measurements, limiting quantitative evidence linking thermal op-
timization with energy performance. Among the 58 CFD studies, Fluent was used in
41.4% of cases, while 70.6% of the 17 predictive-model studies relied on CFD data for
model training. CFD reliability remained sensitive to boundary conditions, model simpli-
fications, and validation strategies. Predictive modeling was dominated by machine learn-
ing and deep learning, while reduced-order and surrogate models were also applied, en-
abling rapid temperature-field and thermal-risk assessment but remaining constrained by
training data quality and operating condition coverage. These findings establish an inte-
grated framework in which measurements provide empirical benchmarks, CFD extends
spatial and operational understanding, and predictive models enable rapid assessment
for thermal environment management and cooling energy optimization.

Keywords: data center; thermal environment; experimental measurement; CFD
modeling; predictive models

1. Introduction

Driven by the rapid growth of cloud computing and artificial intelligence, data center
power density has continued to rise, bringing substantial challenges to thermal manage-
ment [1]. High power densities worsen local hotspots and airflow recirculation, which
threatens the stable operation and reliability of IT equipment [2]. Experiments, CFD
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simulations and predictive models serve as mainstream tools for data center thermal man-
agement. Rack- and room-scale thermal measurements capture temperature distribution
and spatial variation, and they correlate these thermal behaviors with local air velocity [3-
5]. Since experimental methods struggle to capture the full-scale thermal distribution of
data centers, CFD simulations are widely employed to locate hotspots and facilitate room-
scale thermal optimization [6-8]. Recent advances in machine learning and surrogate
modeling have enabled accurate data center thermal prediction. By integrating limited
high-fidelity experimental data with physical boundary configurations, such models
achieve reliable prediction accuracy at a much lower computational cost [9-11]. Driven by
inconsistent research objectives and methodological designs, findings across existing data
center thermal studies are poorly comparable and transferable. Given such complex ther-
mal environments, no single technique can fully resolve temperature and airflow distri-
butions, thereby restricting analytical accuracy. Accordingly, an integrated framework
combining experimental measurements, CFD simulations and predictive modeling is es-
sential for high-resolution thermal characterization and systematic evaluation, which can
further guide data center thermal optimization.

Experimental measurements form the basis for characterizing real data center ther-
mal conditions and provide key data to develop and validate numerical simulations and
predictive models. Experimental measurements in data center thermal studies mainly ful-
fill two key functions. First, measurements of temperature and air velocity are taken at
rack inlets and outlets, in cold and hot aisles, and around hotspots to reveal airflow dis-
tribution and convective heat transfer characteristics. Song et al. [12] utilized multi-point
temperature and air velocity measurements to show that a 1700 mm high convex deflector
reduced hotspot temperatures by approximately 2 °C and improved airflow distribution.
Zhang et al. [13] evaluated rack inlet and outlet temperatures, demonstrating that jet fans
effectively improve data center thermal environments. Second, experimental data supply
boundary conditions and validation datasets for CFD simulations to enhance model reli-
ability. Gao et al. [14] combined experiments and CFD simulations to show the merits of
local cold-aisle containment and highlight drawbacks of the Return Temperature Index
(RTI) metric for assessing airflow distribution. Yu et al. [15] further validated the simula-
tion model by experiments, demonstrating that floor-height optimization and cold-aisle
containment enhances airflow uniformity and cuts energy consumption. Furthermore,
studies indicate that measurement accuracy and spatial coverage impact CFD boundary
conditions and data-driven model performance [16-18]. Poor accuracy or insufficient sam-
pling coverage leads to errors in airflow simulation and prediction results. However, dif-
ferences in data center configurations, operating conditions, and sensor layouts still limit
the spatial coverage of experimental measurements. Most studies still rely on point meas-
urements at representative locations, and the measured parameters vary among studies,
make it challenging to fully characterize complex three-dimensional thermal environ-
ments [19-21]. Therefore, optimizing sensor arrangements to obtain high-quality thermal
data under realistic constraints is critical for experimental thermal studies. Compared
with experimental measurements, CFD simulations capture continuous temperature and
airflow fields inside data centers at low cost and see extensive use in relevant research.
Research shows numerical simulations offset the limited spatial coverage of experimental
measurements and allow the evaluation of airflow and thermal performance across dif-
ferent operating conditions and optimization strategies. To address the limitations in spa-
tial coverage associated with discrete sensor measurements, Singh et al. [22] used Fluent
to obtain complete temperature and airflow fields and further evaluated data center en-
ergy efficiency. Similarly, Cho et al. [23] applied the 6S5igmaDC platform to simulate ther-
mal transients across six failure conditions, including cooling interruptions, supporting
improvements to cooling system reliability. Cao et al. [24] adopted experimental
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measurements as CFD boundary conditions to optimize rack air intake structures and re-
duce excessive vertical temperature differences among servers. Overall, CFD-based stud-
ies are commonly performed at multiple scales to capture facility-level temperature fields
and optimize airflow organization. However, CFD predictions are highly sensitive to tur-
bulence model selection, geometric simplification, and boundary condition configuration.
Accordingly, improvements in simulation accuracy usually come with a sharp rise in com-
putational cost, leaving the trade-off between simulation fidelity and computational effi-
ciency yet to be properly resolved.

As data centers grow larger and more operationally complex, high computational
cost of CFD simulations increasingly restricts use in rapid thermal evaluation and large-
scale optimization and drives progress of data-driven thermal prediction methods. Recent
studies have employed machine learning, deep learning, and reduced-order modeling to
develop surrogate models of data center thermal environments, enabling rapid prediction
of temperature distributions and energy consumption [25-28]. Deng et al. [29] integrated
CFD with machine learning to assess various prediction models, clarify correlations be-
tween prediction accuracy and flow characteristics and achieve efficient temperature field
estimation. Chen et al. [30] developed an A-PCNN model using six months of measured
data and introduced a Softplus-based adaptive coefficient, reducing the MAE by 17.3%
for 15 min predictions and 79.2% for 7-day predictions. These studies prove data-driven
methods greatly boost computational efficiency and maintain accuracy comparable to
CFD simulations. Model performance relies heavily on training data quality and geomet-
ric layouts, and accuracy declines notably in regions with strong turbulence. In addition,
existing works adopt different standards for prediction accuracy, sample size and input
parameters. This difference prevents direct performance comparison and restricts broader
application of relevant methods.

Experimental measurements, numerical simulations, and data-driven models pos-
sess unique strengths in data fidelity, spatial resolution, and practical applicability. Nev-
ertheless, most existing studies only adopt pairwise validation frameworks, such as ex-
periment—CFD and CFD-prediction coupling. This partial integration focuses on improv-
ing accuracy for individual methods, and rarely forms a complete validation framework
uniting all three approaches [31-35]. The complementary merits of field measurements,
CFD simulations and data-driven models are not fully leveraged. Individual or combined
approaches lack holistic data integration, hindering a good balance between physical fi-
delity and full-scale applicability in complex data center thermal analysis. Therefore, de-
veloping a unified framework that integrates experimental monitoring, CFD, and data-
driven prediction helps standardize multi-source data and ensure physically consistent
and reliable predictions.

Existing reviews have generally focused on data center cooling technologies, airflow
management, and modeling approaches. Lu et al. [36], Chu et al. [37], and Jin et al. [38]
reviewed airflow management strategies, CFD modeling methods, and simulation tools,
with emphasis on airflow optimization and numerical simulation for thermal environ-
ment improvement. Zhao et al. [39] and Zhang et al. [40] reviewed cooling optimization
from the perspectives of hotspot mitigation, cooling technologies, and intelligent control,
while Ahmed et al. [41] further examined energy modeling and reliability assessment.
However, many of these reviews focus primarily on individual technical aspects, with
limited systematic analysis of the links among experimental measurement, CFD simula-
tion, and predictive modeling. In particular, measurement parameters and sensor layouts
for different research objectives, CFD reliability and validation requirements, and the data
sources and applicability of predictive models have not been systematically examined.
Therefore, this review systematically links measurement, CFD, and predictive modeling
to examine their roles, data dependencies, and validation requirements in thermal
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environment assessment and cooling optimization in air-cooled data centers, providing
guidance for method selection and application.

Although field measurements, numerical simulations and predictive modeling have
developed rapidly, the three techniques still adopt separate research objectives and pa-
rameter systems. This absence of unified standards makes it difficult to compare results
across different studies. To fill this methodological gap, relevant indicators and evaluation
criteria need to be systematically sorted and standardized. This paper reviews 77 publica-
tions on data center thermal environments published since 2010 and conducts a compar-
ative analysis of experimental testing, CFD simulation and data-driven prediction. By ex-
ploring the interconnections between the three methods, this study constructs a unified
framework to facilitate integrated thermal analysis and airflow optimization for data cen-
ters.

2. Methodology

2.1. Search Strategy

This review searched and screened studies published from January 2010 to May 2026
on thermal environment measurements, CFD simulations, and predictive modeling in air-
cooled data centers. The literature search was performed using Scopus, Web of Science,
IEEE Xplore, ScienceDirect, Google Scholar, and CNKI. The search terms included “data
center airflow measurement,” “data center CFD simulation,” “data center thermal envi-
ronment,” “Al-based thermal management,” and “predictive modeling data center,” com-
bined with “AND” and “OR” operators. The screening procedure is presented in Figure
1.

Literature search in databases using Total records identified

Scopus. Web of Science —

N .
D predefined keywords. (n=536).
Database ScienceDirect. IEEE. Google |~ ) l
Scholar. CNKI, etc. <
Removal of duplicate records across Records remaining after
Time range 2010.1-2026.5 databases. deduplication (n = 324).
@l
9/
data center airflow measurement. Title and abstract screening for relevance Records retained after title
experimental study data center to data center thermal environment and abstract screening
cooling. data center CFD measurement, simulation, and prediction. (n=112).

Keywords simulation. thermal environment. (4)1
Remaining records (n = 77),

Full-text assessment for eligibility based comprising:

39 studies with experimental

measurement schemes;

58 studies with numerical

Al-based thermal management.

predictive modeling data center, etc. on specific measurement schemes or

simulation methods.

Liquid-cooling-only studies. — imulations:

5] I ot

Exclusion Studies unrelated to thermal — - - Studies  with  mode
| 77 studies included in the final synthesis. | predictions;

34 studies including both
measurement and simulation.

environment or cooling.

Figure 1. Flowchart of the literature screening process. Numbers (1)-(5) indicate the five stages of

the process.

Data centers using air cooling as the primary heat dissipation method were included
in this review. The inclusion criteria were: studies related to thermal environments in air-
cooled data centers or server rooms; studies involving temperature fields, airflow organi-
zation, hotspot identification, cooling optimization, energy evaluation, or thermal envi-
ronment prediction; studies using experimental measurements, CFD simulations, predic-
tive modeling, or their combinations; and studies providing sufficient information on
measurement parameters, model configurations, validation methods, training data, or
evaluation metrics. Studies focusing only on liquid-cooled data centers, IT performance,
network communication, or cloud computing scheduling without thermal environment
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or cooling analysis were excluded. After duplicate removal, title and abstract screening,
and full-text review, 77 studies were included, including 39 experimental studies, 58 CFD
studies, and 17 predictive modeling studies. Since some studies involved multiple meth-
ods, these categories were not mutually exclusive.

2.2. Methodology and Objectives

The review examined three approaches used to study thermal environments in data
centers: experimental measurement, CFD simulation, and predictive modeling. For each
approach, key information was extracted, including measurement variables and sensor
layouts; CFD boundary conditions, mesh settings, rack models, and validation variables;
and training data sources, model inputs and outputs, and evaluation metrics. Their ap-
plicability and limitations were assessed through quantitative analysis, cross-study com-
parison, and qualitative synthesis.

This review defines the roles and limits of experimental measurement, CFD simula-
tion, and predictive modeling in the analysis of data center thermal environments and
energy performance. Experimental measurements provide actual operating parameters;
validated CFD extends spatial thermal information across multiple operating conditions;
and predictive models enable rapid prediction of temperature, hotspot risk, and energy
performance indicators from measured or simulated data. Because improved thermal con-
ditions do not necessarily reduce cooling energy use, energy performance should be eval-
uated using measured power, cooling energy data, or system-level energy models.

This review makes three main contributions. First, it proposes a tiered measurement
framework for thermal safety, airflow diagnosis, and cooling energy efficiency assessment,
and evaluates the strength of direct and indirect evidence provided by thermal environ-
ment indicators for energy-saving claims. Second, it establishes a CFD credibility assess-
ment approach based on boundary condition sources, rack-model simplification, valida-
tion variables, and spatial coverage, clarifying the research questions that different simu-
lation outputs can reliably address. Third, it develops an integrated measurement-CFD—
prediction pathway showing how the three methods jointly support thermal safety as-
sessment, hotspot detection, strategy screening, and cooling energy efficiency optimiza-
tion.

3. Experimental Measurement and Analysis in Data Centers
3.1. Links Between Measurements, Thermal Metrics, and Cooling Energy Use

Experimental measurements are used to capture temperature, airflow, and energy-
related parameters under actual operating conditions, supporting thermal safety assess-
ment and airflow diagnosis [3,5]. They also provide boundary conditions and validation
data for CFD models [15], and they support thermal prediction and cooling energy anal-
ysis [14-16]. Figure 2 illustrates the relationships among measured parameters, thermal
environment metrics, and cooling energy use, highlighting how different measurements
and indicators support cooling energy assessment.
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Figure 2. Relationships in data center experimental measurements [42].

Measured parameters generally cover heat input, cooling supply, airflow distribu-
tion, thermal response, and energy use. IT power determines the cooling load, while sup-
ply-air temperature and airflow rate indicate cooling capacity; airflow parameters further
reveal cold-air distribution and hot-air recirculation [3,43]. Rack inlet temperature is a key
indicator of thermal response and equipment safety [42], whereas cooling system power
and Power Usage Effectiveness (PUE) provide direct evidence of energy performance [44].
Temperature alone can characterize thermal conditions, but without airflow data it cannot
fully explain their causes or effects on cooling energy use.

The Rack Cooling Index (RCI), Return Temperature Index (RTI), Supply Heat Index
(SHI), Return Heat Index (RHI), and PUE are widely used to convert temperature, airflow,
and power measurements into comparable thermal and energy performance metrics. RCI
is derived mainly from rack inlet temperatures and indicates compliance with recom-
mended or allowable limits [42]. RTI, SHI, and RHI combine supply, return, rack inlet,
and rack outlet temperatures to characterize supply-air matching, bypass airflow, hot-air
recirculation, and return-air utilization [43,45]. PUE, the ratio of total facility power to IT
equipment power, indicates system-level energy efficiency and, together with measured
power or energy use, reveals the energy impact of cooling strategies [5,44]. Together, these
metrics extend point measurements to broader assessments of thermal safety, airflow uti-
lization, and system energy efficiency.

Thermal environment metrics are not direct proxies for cooling energy use. Lower inlet
temperatures, higher RCI, RTI closer to its target range, lower SHI, or higher RHI generally
indicate greater thermal safety margins, improved airflow management, or more effective
use of supplied cooling [43]. However, such improvements may require lower supply-air
temperatures, higher airflow rates, or faster fan operation, which do not necessarily reduce
cooling energy use [2,5]. For example, Meng et al. [2] mitigated local hotspots by increasing
ventilation and lowering the supply-air temperature, but this increased energy use. There-
fore, cooling energy performance should be evaluated using measured power or energy
data, PUE, or system-level energy models rather than thermal metrics alone.

3.2. Classification of Data Center Experimental Measurement Data

Table 1 summarizes 39 experimental studies by facility scale, measured variables,
sensor layout, and data use. Most examined laboratory test beds or small facilities below
500 kW for model validation, boundary condition definition, thermal diagnosis, and
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design optimization [2,8,22]. Medium-scale facilities between 500 kW and 5 MW and large
facilities above 5 MW were seldom studied.

As shown in Figure 3, temperature was measured in all studies, followed by air ve-
locity in 26 and power in 12. Airflow rate, humidity, and pressure were reported in 10, 6,
and 3 studies, respectively. Temperature was typically measured using thermocouples,
temperature-humidity sensors, or infrared thermography, whereas air velocity was meas-
ured with hot-wire or vane anemometers [19]. Power meters, airflow hoods, hygrometers,
and pressure sensors were used for the remaining variables. Temperature dominates be-
cause it is inexpensive, easy to measure, and directly relevant to equipment safety. Other
measurements require more instrumentation and data synchronization, limiting analysis
of thermal—-energy interactions [5,19].

Power measurements, however, are particularly important for linking thermal condi-
tions with actual energy use. As discussed in Section 3.1, improvements in temperature or
airflow do not necessarily indicate lower cooling energy use. Power measurements can
therefore provide direct evidence of the energy effects of changes in thermal conditions and
airflow. Current studies mainly focus on temperature and airflow, while power measure-
ments remain limited. Future experiments should therefore include more measurements of
power and other energy-related parameters to better quantify cooling energy performance.

Figure 4 summarizes sensor number, room area, rack count, and rack power. Figure
4a shows no clear relationship between sensor number and room area, indicating that
sensor deployment depends more on study objectives, scale, and accuracy requirements
than on floor area alone. As the scale expands from rack to room level, sensor number,
spatial coverage, and test duration generally increase. Figure 4b further shows that most
studies concern controlled test beds or rooms below 256 m?, with rack power typically
below 10 kW, although the data remain widely dispersed. Measurements in large-scale,
high-power facilities with complex airflow remain limited [1].

Overall, existing measurements support thermal safety assessment and model vali-
dation [46,47] but remain dominated by temperature, with limited coverage of airflow rate,
pressure difference, and power. Most studies therefore provide direct evidence of thermal
performance, while direct experimental evidence of cooling energy use remains limited.
Coordinated measurements of IT load, cooling-system power, and relevant operating con-
ditions are needed to better quantify cooling energy use and the energy effects of thermal
environment optimization [44].

Table 1. Statistical summary of experimental measurement data.

Measuring Parameters Layout of Measuring Points and Spatial Uses of Experimental

Resoluti Dat
Reference Facility Scale No. of esorution ata
T RHVel Q PwPres 0 Scale x y z Time B V D O
Points
Songetal.  Small-scale Data Center )
021)[12] (11 m x 104 m x 3 m) S \/ 66 Rack N v 60min \/
Yuanetal. Small-scale Data Center .
(2018) [48]  (11.0m x 8.0 m x 4.0 m) v v 12 Rack Vo 9%min V4N
Yuanetal. Small-scale Data Center .
2019 7] (1.0 m x 8.0 m x 4.0 m) y S 6 Rack N 150min NN A
C.Gaoetal. Small-scale Data Center
12 R
(2015)[14]  (235m x 13 m) v ack VY \ v
Dogan et al Experimental-scale Data
(N%M%'GNHUWm%Mm N v 10 Rack N \ v oA
x 3.05)

K tal Experimental-scale Data

uzay S ak conter (514 m x22m x 11 Rack Vv 120min v v

(2022) [20]

2.2 m)
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Kuzay etal. Experimental-scale Data .
(2022) [50]  Center (Area: 14.5 m?) v 1 Rack Y 10min v
Wu et al Experimental-scale Data
' Center (1.65mx12mx 40 Rack v 30min v+
(2024) [21]
0.8 m)
Syelioa ot al Experimental-scale Data
(22 02168) (18] " Center (Area: 19.56 m%, 26 Rack v 48h V V
H:3m)
Tradat etal. Unreported scale Data .
(2020)[19]  Center \ 36 Rack v 5min \
Fane et al Unreported scale Data
(202%1) [10j Center (11.2 m x 7.6 m x N 12 Rack \ v v
3.5m)
Cao et al Unreported scale Data
2025) [2 4] Center (I0m x82mx 5 Rack V \ v oA
3.2m)
Alissa etal. Experimental-scale Data .
(2015) [46]  Center (Area:215 m?) v 46 Alsle \ VoA
Experimental-scale Data .
Guo et al. Aisle +
Center (817mx7.65m 130 \ \ \
(2025) [35] <284 m) Rack
Nadaetal. Small-scale Data Center 40 Aisle + \ J
(2016) [51] (6.71 m x 549 m x 3.0 m) Rack
Chu et al. Small-scale Data Center Aisle + .
(2019)[52] (6.1 m x 2.44 m x 2.59 m) 22 Rack v 60min v
Lu et al. Small-scale Data Center Aisle-
1 .
(2020) [53]  (11.7 m x 10.4 m x 3.0 m) % level Vo €min VA
Small-scale Data Center
Tradat et al. Aisle +
. 2 . .
(2021) [54] E:)rea. 215.75m? H:4.37 55 Rack 10min v N W
Tangetal.  Small-scale Data Center Aisle +
1
(2022) [55]  (22.8m x 17.4 m x 6.9 m) v 88 Rack Vo30S VoA A
Saiyad et al. Aisle +
Small-scale Data Cent 28
(2022) [56] mall-scale Data Center Rack V \ v o A
Singh etal.  Small-scale Data Center Aisle +
(2025)[22] (24 m x 10 m x 4 m) v 144 Rack Vo4day 4 A4 A A
Liu et Medium-scale Data Cen- Aisle +
2 1 i
al.(2023) [57] ter v 3 Rack 5mn V4
Dengetal. Medium-scale Data Cen- Aisle +
(2026)[29]  ter (22.8 m x 13.2 m) v 121 Rack v \ oA
Fulpagare et Experimental-scale Data Aisle +
al. Center (369 m x 64m) 64 Rack Vorh A
(2018) [58] enter (8. . ac
Zhang et al. Small-scale Data Center .
(2021) [13]  (10.9 m x 10.4 m x 3.0 m) 528 Room Vo %min VA
Khalaj etal. Small-scale Data Center
(2014)[59] (18 m x 15.9 m x 2.7 m) v \ Room Voo oA
Pardev et al Small-scale Data Center
Y& 305mx22.6mx335 652 Room v 1min v A
(2015) [60]
m)
Wibron et al Small-scale Data Center
(25 ) 8‘)’ [ 4‘;]a " (5.084 m x 6.484 m x N 38 Room v 1min VN
3.150 m)
Wang etal. Small-scale Data Center .
(2019)[32] (954 m?x 2.7 m) v oA 225 Room v 60 min V V 3
Meng etal. Small-scale Data Center
12 R
2020)[2]  (145mx7.5m) v 6 oom A VoA
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Han et al. Small-scale Data Center J NI

(2021) [33]  (30.5m x 22.6 m x 3.4 m) 79%  Room ¥ 4 4 1min VA

Pico et al. Small-scale Data Center

Q022)[61]  (70.92 mx2.8 m) v oA 330 Room v + \ v N

Ab-

delmaksoud Experimental-scale Data

etal. 2010) Center (Area: 83.61 m?) v v 7%  Room ¥ ¥ 4\ oA

[62]

Le etal. Experimental-scale Data .

(2019)[63]  Center oA S 170 Room <+ v + 60min J J \
Fulpagare et .

al. Experimentalseale Data -y 126 Room ¥ v Y 6min v v A

(2019) [64] Center (8.69 m x 6.4 m)

W et al. Experimental-scale Data

(2024) [65] Center(1.65mx12mx v \ 56 Room +V v v 30min NN
0.8 m)
Sarikaya et  Experimental-scale Data J J N 58 Room  V v 1day J NI

al.(2025) [66] Center

Unreported scale Data

Cho et al. Center (Area: 162 m?, H: SN 96 Room v v v 30 day v v v v
(2021) [8]

4.8 m)

Unreported scale Data
Yu et al.

Center (14.75m x 13.75 V 198 Room  + \ v o NN
(2025) [15]

m x 3.45 m)

Notes: T: temperature; RH: relative humidity; Vel: air velocity; Q: airflow rate; Pw: power; Pres:
pressure; B: boundary input; V: model validation; D: thermal diagnosis; O: optimization verification.
V: reported in the study; \: not reported.

Reference Measurement parameters Measuring instruments

Nada et al. (2016) @
Fulpagare et al. (2018) mm
Yuan et al. (2018) 3
Fulpagare et al. (2019) gg
Yuan et al. (2019) @
Meng et al. (2020) O
Luetal. (2020) mm

]

Song et al. (2021) @

Zhang et al. (2021) @ Temperature Sensor
Dogan et al. (2022) O |:]
Kuzay et al (2022) Infrared thermal imager
Kuzay et al. (2022) =

Saiyad et al. (2022) & 100% I:‘

Fang et al. (2024) == Temperature

Wu et al. (2024)-1 B3

Wuet al. (2024)-2

Cao et al. (2025) @ -~

Yuetal. (2025) @ Temperature and humidity recorder
Abdelmaksoud et al. (2010) BB
Khalaj et al. 2014) [l
C.Gaoetal. (2015) @
Liuetal. (2023) m

Other temperature measuring instruments

]

[

Sarikaya et al. (2025) [] 66.7% Hot-wire anemometer
Szeliga et al.(2026) EB Air Velocity \:|
Deng et al. (2026) Vane anemometer

Alissa et al. (2015) []
Pardey et al. (2015) []

Chuetal. (2019) o 30.7% Other anemometers
Tradat et al. (2020) Power

Hanetal. (2021) ]
Tradat et al. (2021) B0
Wang etal. (2019) [I]

]

[ ]

Power measurement device

Choetal. (2021) gg 'Y 25.6%
Pico et al. (2022) [ P, Airflow rate .
Tang et al.(2022) I:I v/ |:| Flow Hood
Singh et al. (2025 15.4% —/
ingh et al. ( ) D HumidlE)ly Humidity sensor
Wibron et al. (2018) [l e Other inst—
ther instruments
Leetal. 2019) [} 77%

Guo et al. (2025) [@ Pressure Pressure sensor

Figure 3. Measurement parameters and instruments [2,7,8,10,12-15,18-22,24,29,32,33,35,46-66].

https://doi.org/10.3390/buildings16193857



Buildings 2026, 16, 3857 10 of 36

10
[ Rack A ﬁ 1024
O Aislet+ Rack A (ONO]
/A Room A 512
2 oo - 4 ® O ° O
£ - e A ¢ 256 o 6 o
o 0 A OO
E10° A 128
50 e m k: @
PP P -
2 =
ﬁ - o 32 ¥<> Average power
E < ® per unit (kW)
S ] = 16 O O (0-2]
=10! Em
_"é’ 10 — Point density(pts/m? 9 <\) (2-3]
E P (0.1] 8 O 6-5]
(12] ) 5-
“ (23] 4 ;,\ -10]
(34] () (10-20
(451 2 (o] ) 20+
100 \ (5,28] N\
10° 10! 107 10° 0 25 50 75 100 125 150 175 200
Areas(m?) Number of Racks

(a) (b)

Figure 4. Experimental measurement scale and coverage: (a) measurement points and density; (b)

area, rack count, and unit power.

3.3. Limitations of Existing Measurement Data

Figure 5 summarizes three common sensor layouts used in thermal environment
studies. Song et al. [12] placed sensors near rack inlets and outlets to measure local tem-
peratures and airflow, but this layout provides limited information on aisle conditions
and room-wide thermal distribution. Guo et al. [35] extended the measurements to key
aisle locations, enabling analysis of supply-air distribution and local airflow, although
full-room circulation remained poorly captured. Zhang et al. [13] used dense temperature
and air-velocity measurements at room scale to characterize the overall thermal and air-
flow fields, mainly for computational fluid dynamics validation and room-level assess-
ment.

Overall, sensor layouts are largely determined by individual research objectives,
with no consistent standards for variable selection or spatial deployment across scales.
This limits cross-study comparison and data reuse, highlighting the need for standardized
measurement frameworks tailored to different scales and assessment goals.

Table 2 summarizes experimental studies on thermal environment optimization by
optimization measures, reported outcomes, and the level of support for energy assess-
ment. To distinguish thermal performance indicators from direct energy-related evidence,
the level of energy evaluation support was classified as low, moderate, or high according
to the types of optimization outcomes reported in each study. Overall, existing studies
mainly focus on airflow management, local flow guidance and sealing, operating-param-
eter adjustment, and workload distribution. Typical interventions include cold-aisle baf-
fles, perforated-floor opening adjustments, and CRAC fan-speed control [12,54]. Reported
outcomes mainly concern lower temperatures, fewer hotspots, improved temperature
uniformity, and changes in RTI, SHI, RHI, or RCIL. These results demonstrate improved
thermal safety and airflow management but provide limited evidence on cooling energy
use. Stronger energy assessment requires additional data such as supply-return temper-
ature difference, supply airflow rate, PUE, or measured energy use [5,44].
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(c)
Figure 5. Schematic diagrams of several typical measurement point distributions. (a) It mainly fo-
cuses on the measurement of the cabinet [12]. (b) It mainly focuses on the measurement of the cab-
inet and perforated floor [35]. (c) It primarily focuses on measuring the cabinet, perforated floor,
and hot/cold aisles [13]. Numbers 1-11 denote the rack numbers within each row, A-D denote the
rack rows, and shaded areas indicate air supply through the perforated floor.
Table 2. Experimental studies on thermal optimization measures and energy evaluation.
o Optimized Results Energy Evaluation
Reference Optimization Measures P 24
T H I E Support
Yuan et al. (2018) [48] Local Flow Guidance \/ Nl Low
Song et al. (2021) [12] Local Flow Guidance \ \ Low
Wu et al. (2024) [21] Local Flow Guidance \ \ \/ Moderate
Cao et al. (2025) [24] Operating Parameters S Low
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Tang et al. (2022) [55]

Guo et al. (2025) [35]

Singh et al. (2025) [22]
Zhang et al. (2021) [13]
Pico et al. (2022) [61]
Meng et al. (2020) [2]

Han et al. (2021) [33]

Cho et al. (2021) [8]

Wu et al. (2024) [65]
Sarikaya et al. (2025) [66]
Yu et al. (2025) [15]

Local F.low Guidance+ N N J Moderate
Operating Parameters

Local Flow Guidance+ J Low
Load Distribution

Airflow Distribution \ \/ Moderate
Airflow Distribution \ \ Low
Load Distribution ol ol High
Local Flow Guidance \ Moderate
Alrﬂon Distribution+ J High
Operating Parameters

Airﬂov\.r Distribution+ N N High
Operating Parameters

Airflow Distribution \ \/ Moderate
Airflow Distribution \ \ \/ Moderate
Airflow Distribution \ \/ Moderate

Notes: T: temperature response; H: hotspot/temperature uniformity; I: thermal index; E: energy re-
sult. Energy evaluation support was classified as low when only T/H outcomes were reported, mod-
erate when thermal indices (Is) were reported without quantified energy results, and high when

quantified energy-related results (E) were reported. V: the corresponding result was reported.

Overall, the main limitation of existing experiments is not sensor quantity but the
lack of consistent standards for measured variables, spatial layouts, and test scales [19,64].
Most studies focus on temperature, hotspots, and airflow, with limited simultaneous
measurement of power, pressure difference, PUE, and system energy use [19,44,54]. The
quantitative link between thermal optimization and cooling energy therefore remains un-
clear. Future research should move beyond isolated thermal assessment toward inte-
grated analysis of thermal conditions, airflow, and energy performance, linking airflow
interventions and thermal safety improvements to actual energy savings.

3.4. Objective-Specific Measurement Parameters and Sensor Layouts

To address inconsistent sensor layouts, limited data comparability, and weak sup-
port for cooling energy assessment, experimental measurements are organized into three
levels according to data center thermal assessment needs: thermal safety assessment, air-
flow diagnosis and CFD validation, and cooling energy assessment. Rather than simply
increasing sensor numbers, measurement zoning and parameter selection should follow
objective-specific principles so that the resulting data directly support thermal character-
ization, airflow analysis, or energy assessment.

Figure 6 presents a representative measurement framework for thermal experiments
in typical air-cooled data centers with rack-based IT equipment, raised-floor air supply,
and cold/hot aisle configurations. The framework serves as a reference scheme rather than
a universal measurement standard, and sensor deployment should be adjusted according
to facility scale, rack arrangement, cooling configuration, and research objectives. Sensors
should be placed along key airflow paths and at major heat-transfer locations, including
rack inlet and outlet planes, longitudinal measurement bands in cold and hot aisles, and
CRAC supply and return zones. Rack-level measurements capture intake and exhaust
temperature distributions, while aisle measurements reveal temperature variations along
the aisles. Measurements near the CRAC characterize supply and return conditions and
link rack thermal responses to cooling-system operating boundary conditions [57,64].
Four vertical measurement levels are recommended to capture temperature stratification,
while measurements at perforated floor tiles provide air velocity and airflow rate.
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Together, these locations describe the overall sensor distribution and its relationship with
airflow organization [54].

12345678911 A

U §
< :
o) : 2R DAL VAT Sy ) 1.8m
123 4567 89111 B
- 1.3m
12345678911 C
0.8m
| B s e
v Vo WAL ) /k/ ) 0.3m
123 45678911 D I
Vertical sensor
arrangement on a
representative rack
[ ] Rack inlet plane Rack outlet plane 7] Hot-aisle strip lllustrative sensor points
[ Cold-aisle strip | Underfloor / tile zone CRAC supply/return boundary

Figure 6. Recommended sensor layout for data center measurements. Numbers 1-11 denote rack

numbers, and A-D denote rack rows.

In addition to thermal and airflow measurements, energy-related measurements
should also be incorporated to assess the relationship between thermal performance and
cooling energy use. Electrical power can be measured using power meters installed at the
power supply points of IT equipment and cooling equipment. The measurements should
be recorded synchronously with thermal and airflow data under the same operating con-
ditions. The resulting power data can then be integrated over the measurement period to
obtain energy consumption and relate changes in thermal performance to cooling energy
use. This provides a more direct basis for assessing the energy implications of thermal
performance improvements.

Table 3 summarizes representative measurement zones, core variables, supported
analyses, and data requirements for the three assessment levels. Thermal safety assess-
ment relies mainly on temperature and relative humidity to identify hotspots and deter-
mine whether rack inlet temperatures remain within recommended or allowable limits
[42]. Airflow diagnosis and CFD validation additionally require air velocity, airflow rate,
and pressure difference to identify bypass airflow, hot-air recirculation, and cold-hot air
mixing [54]. Cooling energy assessment requires synchronized measurements of IT load,
rack power, supply-return air temperature difference, CRAC operating conditions, and,
where available, cooling power or energy use. These data are necessary to avoid inferring
energy savings from temperature improvement alone [5,55].

Overall, measurement design should move beyond isolated temperature-field char-
acterization toward an integrated framework that jointly supports thermal assessment,
airflow diagnosis, and cooling energy evaluation. Such a framework provides a common
data basis linking on-site operation, CFD validation, and predictive model training,
thereby coordinating measurement, simulation, and prediction.
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Table 3. Goal-oriented measurement configuration for data centers.

Objective Representative Zones Core Parameters Supported Analysis Data Requirement
Rack inlet/outlet; . . . .
Hotspots; RCI; t -T 1 or high-risk t
Thermal safety cold/hot aisles; CRAC T, RH OrpOTS emperas 1ypical or ug-Hsk operating
ture range conditions
boundary
. Tiles; plenum; return recirculation; RTI; Steady operation and con-
Airflow/CFD T,v,Q, A c L. . .
irflow/ path v, Q Ap SHI/RHI; CFD validation sistent boundaries
ling load; - Time- hronized load
Thermal/airflow zones; T, AT, Q proxy, IT Cooling load; e.znergy p‘e‘r tme syr.1c rofzed foad,
Energy formance; savings verifi- thermal, airflow, and energy

IT/rack power; ower .
/ p p cation data

Notes: T = temperature; RH = relative humidity; v = air velocity; Q = airflow rate; Ap = pressure
difference; AT = supply—return temperature difference. Representative zones refer to measurement

planes, strips, or sensor groups.

4. CFD Modeling of Thermal Flow Field Within Data Centers
4.1. Classification and Organization of CFD Modeling in Data Centers

Table 4 summarizes 58 CFD studies of data center thermal environments, covering
facility scale, mesh density, boundary conditions, rack representation, and model valida-
tion. Most studies focus on small facilities or laboratory test beds, with mesh densities
ranging from approximately 112 to 41,361 cells/m3. Boundary conditions commonly in-
clude temperature, air velocity, airflow rate, and equipment power. Reported tempera-
tures range from 5 to 35 °C, air velocities mainly from 0 to 15 m/s, and airflow rates from
0to 41.67 m3/s. These wide ranges reflect substantial differences in facility scale, operating
conditions, and modeling assumptions [57].

Racks are commonly represented using porous-medium or black-box models to re-
duce computational cost. Although these simplifications reduce modeling complexity,
they cannot fully represent internal rack airflow, server heat dissipation, and local flow
resistance [35,65]. Model validation remains largely focused on temperature fields.
Among the reviewed studies, 35 used experimental measurements, while 16 conducted
benchmark comparisons against published literature. Regarding validation scale, 27 were
assessed using three-dimensional spatial data, whereas the remainder relied on pointwise
or two-dimensional field validation. Error metrics also vary across studies: Across the re-
viewed studies, reported relative errors ranged from 0.22% to above 30%, with most val-
ues remaining below 20%, absolute temperature errors from 0.1 to 4 °C, and only a few
studies evaluate airflow predictions using velocity errors [47].

Figure 7 summarizes the software platforms and turbulence models used in the 58
CFD studies included in this review. Fluent was the dominant platform, appearing in 24
studies and accounting for 41.4% of the CFD studies, followed by 6SigmaDC in 12 studies.
OpenFOAM, STAR-CCM+, Airpak 3.0, ANSYS CFX, and FloTHERM were used less fre-
quently. Fluent is favored for its mature solver architecture and flexible UDF capabilities,
which provide a good balance between numerical stability and engineering modeling ef-
ficiency. OpenFOAM offers greater openness and extensibility but requires more complex
model development and remains less widely applied in data center research. By contrast,
6SigmaDC is tailored to data center thermal management and has considerable value for
engineering design and optimization.
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Figure 7. CFD software and turbulence model use. Numbers indicate the number of reviewed

studies using each software or turbulence model. [2,7,8,10,12-14,17,18,22-24,29,31-33,35,43-64,66-
84].

Among the 58 CFD studies, the standard k—& model was used in 41 studies, account-
ing for approximately 70.7% of CFD studies, whereas the RNG k-¢, realizable k—¢, SST k-
w, and LES models were less common. This dominance stems from stable convergence,
low computational cost, and extensive engineering validation, making the standard k-¢
model suitable for most room-scale thermal predictions [47]. However, its isotropic tur-
bulence assumption has certain limitations in representing anisotropic flow structures,
including server exhaust jets, cold-hot air mixing, and local recirculation. For high-heat-
density racks or detailed local flow analysis, higher-fidelity models such as SST k—w and
LES may be adopted to further improve predictive capability.

Figure 8a shows that computational domain volumes generally range from several
tens to about 1000 m3, with mesh counts typically between 105 and 107. The large variation
at similar domain volumes indicates that mesh resolution is governed more by the re-
search objective and required local detail than by domain size alone. Coarser meshes may
be sufficient for evaluating overall temperature distributions in cold and hot aisles,
whereas server exhaust jets, local hotspots, and recirculation require local refinement.
Mesh design therefore reflects a trade-off between computational cost and prediction ac-
curacy rather than a simple increase in cell number [47,66].

As shown in Figure 8b, among the 58 CFD studies reviewed, porous-medium and
black-box models accounted for approximately 36% and 31% of the rack modeling ap-
proaches, respectively. Black-box models offer simple implementation and high
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computational efficiency, making them suitable for room-scale thermal environment anal-
ysis and large-scale parametric optimization. Porous-medium models additionally repre-
sent internal flow resistance and provide more accurate predictions of rack pressure drop,
airflow distribution, and hot-air recirculation. Their use has gradually increased in recent
years. Driven by advances in GPU-accelerated computing, higher-fidelity server models
are expected to become increasingly practical and may gradually replace conventional
simplified models.

40
107 36%
0,
31% 33%
106 SEU
7108 g 20
> £
10* Others Model 10
Black Box Model
Porous Medium Model
3
10 0 1000 2000 3000 0 Porous Medium  Black-box Model Others
volumes (m?) Model Rack Simulation Model
(@) (b)
Figure 8. Statistics of server modeling methods and computational scale in data center CFD studies:
(a) relationship between computational domain volume and mesh count; (b) usage proportion of
different server modeling approaches.

Overall, data center CFD modeling has established a relatively mature engineering
foundation, with method selection reflecting trade-offs among computational cost, phys-
ical accuracy, and practical applicability. Software platforms and turbulence models de-
fine the basic solution framework, mesh size and modeling scale determine spatial reso-
lution, and simplifications of racks and cooling terminals affect the representation of local
thermal conditions and airflow paths. The quality of CFD data should therefore be further
assessed in relation to boundary condition sources and the rigor and spatial coverage of
model validation.

Table 4. Statistical summary of the reviewed CFD simulations.
Mesh Rack Rack Simulation Model CFD Validation
Simula-
Ref Facilit 1 Den- i -
eference acility Scale en- on T °C) Vel Q (m%/s) Pw (kw) P (pa) Exp. Ref. Error Poin Plan Vol
sity (m/s) t e ume
Model
Small-scale Data
ggiza)n[le- Center (8.05 x 7 x — -  15-22  — 2562 346 10;28 - - - - - =
2.9 m)
Khala et al Small-scale Data
(2014;[59i Center (18 m x15.9 811 — 165 4725 0-073 2197(T) — — v
m x 2.7 m)
Chooetal.  Small-scale Data Black o
(2013)[44]  Center — Boy 14 NS NS  313(T) NS 10% J
Small-scale Data
Gao et al. 1.9%~18
A0C a8 Conter 235m =13 1860 — 168  — 3.66-477 51.94(T) — Q v
(2015) [14] 6%
m x 3.5 m)
P L. 1l-scale D Bl 21.6~27.
ardey et al. Small-scale Data 1298 ack 6 0.252 11 _ 1.9°C J

(2015) [60]

Center

Box

4
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(30.5m x 22.6 m x
3.35 m)

Small-scale Data

Nadaetal. Center Black 10~28
2016)[45] (671 mx549mx 140 oy 12 NS 35 4 -
3.0 m)
Small-scale Data
Nadaetal. Center Black
(2016) [51]  (6.71 m x 5.49 m x 29140 g 12 NS 35 N N
3.0 m)
Small-scale Data
Song et al. Center Black
1984 2 4.4 24 — — —
016)[31] (875mx64mx27 0% Box 0
m)
Small-scale Data
Ni et al. Center Black
525 13~21 2.0~5.64 13.6 — — —
(2017)[68] (10 m x9.6m x 3.2 Box 0
m)
Small-scale Data
Sheth etal. Center Porous
14 12. .071 12.079
(2019)[69] (71 mx549mx3 3 Medium 123 00713 NS 0 07%
m)
Small-scale Data
Yuanetal. Center Porous
1633 .96 2.52 — —
(2018) [48] (11.0 m x 8.0 m x 4.0 Medium 0
m)
. Small-scale Data
g(‘)tl’g)’r[l 4e7t] 3l Center (5.084m x 14,311 Béaik 19.7~20 — 05326 — 0.31 5;21
6.48 m x 3.15 m) © s
Yuan et al Small-scale Data Porous
. _ B %
(2019) [7] Center (11.0m x 8.0 5120 Medium 22 16.98 (T) 4%
m x 4.0 m)
Small-scale Data
Wang et al. ) Black o
(2019) [32] Center (95.4 m? x 2.7 41,361 Box 18 4.33 0~2.95 — 6% y
m)
Small-scale Data
Chu et al. Porous
Center (6.1 m x 2.44 . 20~25 8.61 4 NS —
(2019) [52] m x 2.59 m) Medium
Small-scale Data
Meng et al. 0.22%~4
14. 7. — — 2 4.4 7.49 (T —
(2020) [2] Center (14.5m x 7.5 3 5  37.49(T) '20% J
m x 3 m)
Small-scale Data
Lu et al. Center Porous
(2020) [53]  (11.7 m x 10.4 m x 11860 ) fedium 16720 35 2 a -
3.0 m)
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Zh L. P
) O;‘g[it; Center (109m = 10,296 Mog.’u; 18 35 2 NS 5%
(2021) 10.4 m x 3.0 m) edit
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Tradat etal. Center 10.4~18. 7.79~8.16 o
(2021) [54]  (215.75 m?, H: 4.37 18455 — 8 5 20Mm - 16°C
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Song et al Small-scale Data Porous
(2021) [12] Center (11 m x 10.4 10,498 Medium 18~22 3.5~54 1.8~4.2 — 5% v
m x 3 m)
Han et al. Small-scale Data Black 0.14~41.6 o
(2021) [33]  Center B Box 2 7 M - 10% v
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(30.5m x 22.6 m x
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Tangetal.  Center Black o
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— 7 — ~0.1 . ~1 2°
(2018) [75]  Data Center Medium 5 0-0 03 0~150 v c v

https://doi.org/10.3390/buildings16193857



Buildings 2026, 16, 3857 19 of 36

Experimental-scale

Fulpagare et Porous
Dat. t . — 17 1.54 1 1 —
2L, (2019) [64] ata Center (8.69 Medium 5 0.15 0 0o W \
mx6.4 m)
Yangetal. Experimental-scale 0.72-
(2021) [76]  Data Center B B 22 T 288 17 N v o v
Experimental-scale
ggg;;[i;‘l' Data Center (7.89 x 5158 Béiik 17 5 304 3739 — NI N
5.64 x 3.05)
Experimental-scale
Kuzayetal o Center (Area:  —  FO% 21— 0811 01653 0 25°C N
(2022) [50] Medium
14.5 m2)
Experimental-scale
Barestrand et 1)\ Center (657 4549 DK 183 104206201621 NS Voo01°C W
al.(2023) [77] Box
x 3.15 m)
Hu et al. Experimental-scale Black
— 12 — 4~ ~12 5
(2024) [78]  Data Center Box > 8 0 VooeseC v
Jilian Bong et Experimental-scale
L (2024) Eg7 g Data Center (68> 112 — 18 — 236 30(T) — v — v
ak 5.7 x3.2 m)
. Experimental-scale
](32582?)1;0] Data Center (6.71x 1981 Béiik 123 1 00713 35 0 v 091% v
5.49x 3 m)
G tal Experimental-scale
23;; [25'] Data Center (8.17 x  — — 205 NS NS 2045 NS < 9.6% v
(2025) 7.65 x 2.8 m)
Sarikaya et al. Experimental-scale Porous 0.128~0.98
— 23~ — .02~0.1 1.6°
(2025) [66]  Data Center Medium 385 0.02-0.13 2 Ns 6°C v
Seli tal Experimental-scale P
;Szlegfﬁ 8‘;" Data Center (Area: 13,633 MO(;?“:’H NS — 053 NS — N 0.63 °C v
( 19.56 m H: 3 m) edit
Arghode et
1
al. gz::%(;ifiscae — - NS 14 09 - 0 \308% — — —
(2013) [81]
Watson et al. Unreported scale
— - 2 2 — 1 5 - - - - - -
(2017) [82]  Data Center > 0-25 > >
. Unreported scale
ZY‘?;;%M[;; Data Center(13.68 x 34,120 —  16-17 2.3 - NS — N - v
' V83 5 3m)
Unreported scale
h L. P
éogf)t[;] Data Center (162 3978 MZ;(I’Z; 1517  — 694 4 - 3~4°C v
m?, H:4.8 m)
Fane ot al Unreported scale
(202%1) ; 10j Data Center (11.2 x 21,482 — 1826  — 39 036066 — - A
7.6 x3.5m)
Unreported scale
t al. Black
((;5;56) F2 4 DataCenter (10x 12200 Bif( 14-18 15-3 93-185 NS - N - N
8.2x3.2m)
Lee et al. Unreported scale _ _ 10-15 05-0.6 — NS NS N 49 J

(2025) [84]  Data Center

Notes: T = temperature; Vel = air velocity; Q = airflow rate; Pw = power; P (pa) = pressure; Exp. =
experimental or in-situ measurement; Ref. = reference or benchmark data; NS = not specified. v: the

corresponding result was reported.

4.2. Boundary Conditions and Model Validation

Boundary conditions and model validation are key determinants of CFD reliability
in data center studies. Software platforms, turbulence models, and mesh resolution define
the numerical framework, whereas temperature, airflow, heat-source, and related
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boundary conditions directly affect the simulated cooling process and thermal distribu-
tion [54]. Figure 9 summarizes the boundary condition settings, validation sources, vali-
dated variables, and spatial coverage reported in previous studies.
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Figure 9. Boundary condition reporting and validation coverage in CFD studies [2,7,8,10,12—
14,17,18,22-24,29,31-33,35,43-64,66-84].

Temperature and airflow conditions and heat-source inputs were the most common,
reported in 53, 53, and 52 studies, respectively. Pressure conditions and parameters such
as porosity were less frequently specified, with pressure boundaries reported in only 15
studies. In engineering studies, this likely reflects the difficulty of pressure measurement,
limited access to field data, and the widespread use of default pressure-outlet settings in
commercial software. However, pressure and flow resistance directly influence supply-
air distribution, rack ventilation, and recirculation paths. Temperature, airflow rate, and
heat-source conditions alone may therefore be insufficient to represent actual airflow pro-
cesses [47].

Experimental validation was the dominant approach, used in 35 studies, followed by
validation against published data in 16. Temperature fields were validated in 23 studies,
while 16 jointly assessed temperature and airflow. Eight studies included other combina-
tions of physical variables, and only three focused solely on airflow. Many studies there-
fore appear to regard accurate temperature prediction as sufficient evidence of CFD model
reliability. This assumption has clear limitations in airflow-oriented studies because
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different flow fields may produce similar temperature distributions; temperature-only
validation cannot establish the fidelity of the predicted velocity and pressure fields. A
hierarchical validation strategy should therefore be adopted according to the research ob-
jective: temperature validation may be sufficient for thermal safety assessment, whereas
airflow analysis should also include velocity or pressure validation.

Regarding spatial scale, 27 studies used three-dimensional validation, while two-di-
mensional and point- or line-based validation were each reported in 11 studies. Compared
with local measurements, validation over a larger spatial scale provides a more complete
assessment of temperature and airflow distributions. CFD credibility thus depends not
only on whether validation is performed but also on whether the selected physical varia-
bles and spatial coverage match the research objective. Overall, existing studies provide a
relatively sound basis for boundary condition specification and model validation, but
pressure, flow-resistance, and related boundary conditions, validation across multiple
physical quantities, and spatial-scale matching still require further improvement [54].

4.3. Factors Affecting the Credibility of CFD Results

Data center CFD studies have established a relatively mature engineering basis; how-
ever, simulation credibility cannot be assessed solely from the software platform, turbu-
lence model, or mesh count. In thermal environment simulations, mesh resolution, rack
representation, and experimental validation jointly affect predicted temperature and ve-
locity fields, as well as hotspot identification [32,47]. Figure 10 provides representative
examples of how these factors affect CFD reliability.

Figure 10a presents the cold- and hot-aisle temperatures reported by Deng et al. [29]
under different mesh counts. The results indicate that coarse meshes lead to larger tem-
perature deviations, whereas predictions gradually stabilize with increasing mesh resolu-
tion. Therefore, mesh independence should be evaluated based on key thermal outputs
rather than residual convergence or cell number alone. Local refinement remains particu-
larly important around supply-air jets, hot-air recirculation regions, and high-heat-flux
areas, where insufficient resolution may reduce prediction reliability [47].
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Figure 10. CFD verification and validation: (a) grid independence [29]; (b) rack model comparison
[85]; (c) experimental validation [86].

Rack representation is another important factor affecting CFD accuracy. Figure 10b
compares temperature prediction errors obtained using different rack models reported by
Gong et al. [85]. The results show that different rack representations result in different
levels of prediction accuracy, indicating that simplifications of internal flow resistance and
heat-source distribution can influence local thermal predictions. Simplified rack models
reduce computational cost for room-scale simulations but require experimental validation
to confirm their applicability.
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Figure 10c presents the comparison between CFD predictions and experimental
measurements reported by Chen et al. [86]. The CFD model reproduces the overall tem-
perature variation with relatively low errors, although local discrepancies remain. These
deviations may arise from complex airflow structures, local recirculation, and model sim-
plifications. CFD validation should therefore consider both prediction accuracy and spa-
tial distribution characteristics to ensure reliable representation of the actual thermal en-
vironment.

Overall, mesh resolution, rack representation, and experimental validation are im-
portant factors affecting CFD reliability in data center thermal analysis. Their selection
should be guided by research objectives and accuracy requirements, with appropriate
trade-offs between computational cost and model fidelity. Reliable CFD applications
therefore require suitable modeling strategies and validation approaches to support ther-
mal environment assessment and airflow analysis [47,66].

4.4. CFD-Supported Thermal Diagnosis and Applications

Compared with field measurements, CFD provides continuous temperature, veloc-
ity, and pressure fields for thermal environment analysis, airflow diagnosis, and cooling-
strategy optimization in data centers [32]. Table 5 links these outputs to their physical
meaning, typical applications, and reliability requirements. For multi-condition optimiza-
tion, reliability depends on both validation of the baseline model and the representative-
ness of the selected operating conditions.

Table 5. Physical implications, applications, and evidence requirements of CFD outputs.

CFD Output

Physical Meaning Applications Evidence Requirements

Temperature field

Thermal distribution and  Thermal safety; hotspot de- Heat-source boundary and tempera-
non-uniformity tection ture validation

Velocity Flow distribution and path-  Airflow organization; by-  Airflow boundary and velocity vali-
field/streamlines ways pass/recirculation dation
. Pressure distribution and Air distribution and re-  Pressure/resistance data and pressure
Pressure field . . . o
resistance sistance analysis validation

Multi-condition re- Thermal response to operat- Parameter and strategy opti- Validated model and representative

sults

ing changes mization cases

CFD directly supports thermal safety assessment and airflow organization analysis.
Temperature fields identify rack inlet temperatures, cold- and hot-aisle temperatures, lo-
cal hotspots, and temperature exceedance zones [12]. Velocity and pressure fields reveal
supply-air distribution, hot-air recirculation, mixing between cold and hot air, and other
airflow organization characteristics [43]. Temperature-validated models can generally
support thermal risk assessment, whereas airflow organization analysis requires further
validation of air velocity, airflow rate, pressure, or related variables [47].

CFD is also widely used for cooling-strategy optimization through supply-air param-
eter adjustment, rack-layout optimization, airflow organization improvement, and other
measures. Parametric simulations examine how supply-air temperature, airflow rate, load
distribution, and airflow organization strategies affect temperature distributions, hotspot
formation, and airflow transport characteristics [45]. They can also compare thermal en-
vironment responses under aisle containment, airflow-guiding structures, supply- and re-
turn-air optimization, and other cooling schemes, providing a basis for data center cooling
optimization [51,73].

CFD provides only indirect support for cooling energy assessment. Lower tempera-
tures, fewer hotspots, or reduced hot-air recirculation indicate improvements in thermal
safety and airflow organization but do not necessarily imply lower cooling energy use
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[43]. CFD is therefore better suited to thermal environment diagnosis and strategy screen-
ing, while energy-related conclusions should be verified using experimental measure-
ments, cooling-system models, or operational energy-use data [5,44]. Future CFD studies
should strengthen the coupling between thermal environment prediction and cooling en-
ergy models to enhance the practical value of CFD in data center energy optimization.

5. Predictive Models for Data Center Thermal Environments

As high-density computing and dynamic workloads expand, conventional measure-
ments and CFD are becoming increasingly costly and slow for multi-condition thermal
environment prediction. Data-driven models are therefore gradually emerging as an im-
portant approach linking high-fidelity simulation with rapid decision-making, while com-
plementing experimental measurements and numerical simulations. Building on the pre-
ceding analyses of these two methods, this section reviews model types, training data
sources, sample sizes, accuracy, and computation time.

5.1. Thermal Environment Prediction Models

Table 6 summarizes 17 representative studies and compares their model types, train-
ing data sources, sample sizes, prediction accuracy, and computational efficiency. Existing
studies have applied various predictive approaches, including data-driven models, re-
duced-order and surrogate models, and CFD-coupled hybrid models. Among these ap-
proaches, data-driven models, such as machine learning, artificial neural networks, and
deep learning, represent the most commonly applied approaches among the reviewed
studies due to their strong nonlinear mapping capability and relatively low computational
cost [10,16,87]. These models are mainly applied for pointwise temperature and local ther-
mal environment prediction, while deep learning methods further capture complex rela-
tionships among server power, supply-air parameters, and environmental variables for
temperature-field prediction [10,11]. However, their performance relies strongly on train-
ing data quality and operating condition coverage, and their physical interpretability re-
mains limited. Reduced-order and surrogate models mainly utilize CFD-generated sam-
ples to rapidly reconstruct temperature and flow fields [34]. They reduce computational
costs for repeated simulations and optimization while retaining spatial information from
CFD models, but their accuracy depends on the quality and representativeness of the CFD
database. CFD-coupled hybrid models further combine physical simulations with data-
driven methods to improve prediction capability under complex operating conditions.

Table 6. Statistical summary of predictive models for data center thermal environments.

Training Number of Input Parameters Prediction Accu- Outout CFD
Author Algorithm  Data Training IT loa T su Air- .p Output
racy Time .
Source  Samples d p flow Time
Tarutani et al. (2015) Experi- 17980 v N ¥ Accuracy:0.095°C 10 —
[25] ment
Athavale et al.
PR FD A :06° — —
(2019) [16] G C 300 V l v ccuracy: 0.6 °C
Asgari etal. (2021) - Hybrid Sur-— - 44 Vv v —  Accuracy<15°C  4s  28800s
[87] rogate mode
T 1. (202
[er]lg etal. (2025) POD CFD 32 \/ l v Accuracy:0.5°C  12min  200h
CNN-
W t al. (202 BiLSTM-At-
angetal. (2025) - BiLSTM CFD 200 v v ¥ Acauracy<03°C — -
[88] tention
mode
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Athavale et al. Relative Error:
ANN FD 1 '
(2018) [9] C 300 279 Os 300 min
. Relative Error: .
Jin et al. (2023) [27] POD CFD 1819 0.01°, 30s 120 min
. Relative Error: . .
Dai et al. (2024) [34] POD + CFD  CFD 112 0,599, 10 min 1340 min
Relative Error <
Guo et al. (2025) [35] FNM-CFD  CFD 60 o 2250s 4440 s
Wangetal. 2022) \\hp ppp BXPET 19559 MAPE < 3.5% 1s —
[89] ment
D 1. (202 26604
engetal (2026)  ppav o CED 1259 MAPE<144% <216min 2%
[29] min
Lin et al. (2022) [26] ML CFD 1100 MAPE<3.0% <l ms —
fla;g etal. (2024)  rph L ADB  CFD 8000 MAPE: 0.68%  97ms  5min
Kuwahara et al Experi Continuous
* DNN+CFD P oneyear N Y v MSE<008°C  <ls  30min
ment
data
Saiyad et al. (2021) ANN  CFPFEx g0 N N MSE: 0.68°C2  10s-30s  —
periment
Omrani etal. (2025) -, . sApa  CED 225 N v MSE: 0.00014°C> 2 min 3h
Chen et al. (2025) Experi Continuous
: A-PCNN P six-months v N \ MSE: 0.136 °C> 15 min —
data

Notes: IT_load: IT thermal load; T_sup: supply-air temperature; Airflow: airflow characteristics. \:

the corresponding parameter was used as a model input.

The effectiveness of these predictive approaches is closely related to the availability
and quality of training data. From the perspective of data sources, training data are ob-
tained mainly from measurements and calibrated CFD simulations. Among the 17 predic-
tive modeling studies, CFD simulation data were the predominant source, with 12 studies
accounting for 70.6% of the reviewed studies, whereas measured data were used in four
studies and only one study combined both sources. CFD simulations can generate multi-
condition samples under controlled boundary conditions and provide relatively complete
spatial thermal environment information. CFD data have therefore gradually become the
primary source for model training. Fang et al. [10], for example, generated 8000 operating
condition samples using CFD to alleviate data scarcity. In contrast, measured data more
closely reflect actual operating conditions and can be used to calibrate or validate numer-
ical models. However, limitations in sensor layout, acquisition cost, and operating condi-
tion coverage usually prevent measured data alone from supporting large-scale spatial
prediction [19].

Existing models are built mainly on IT load, supply-air temperature, airflow condi-
tions, and other key inputs to map changes in operating states to thermal environment
responses [87]. Their outputs mainly include temperature distributions, hotspot risks, and
thermal environment indicators, supporting thermal safety assessment and cooling-strat-
egy optimization. Compared with conventional CFD simulations, rapid prediction mod-
els can significantly reduce computational cost and enable near-real-time thermal envi-
ronment prediction, supporting parameter optimization and online operational control
[11]. However, because prediction targets, data sources, evaluation metrics, and other
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aspects vary across studies, a common evaluation benchmark remains lacking, making
direct comparisons difficult [16].

Overall, predictive models are not intended simply to replace CFD or experimental
measurements. Instead, they enable rapid thermal environment prediction by combining
the complementary strengths of different data sources. Future research should further es-
tablish mechanisms for integrating CFD and measured data and incorporate physical con-
straints to improve model generalization under complex operating conditions [87].

5.2. Factors Affecting Model Prediction

Figure 11 summarizes comparative results from representative studies. Figure 11a
compares the performance of different algorithms under identical conditions reported by
Fang et al. [10]. The results indicate that algorithm structure affects the capability of rep-
resenting thermal environment responses. Data center thermal environments are jointly
influenced by IT load, supply-air parameters, airflow organization, environmental dis-
turbances, and other factors, resulting in strongly nonlinear input-output relationships
[87]. Conventional machine learning and simple neural networks can predict point tem-
peratures or thermal environment indicators, whereas reduced-order, surrogate, and
deep learning models are more suitable for capturing multivariable coupling, reconstruct-
ing temperature fields, and rapidly predicting multiple operating conditions [11,34]. Al-
gorithm selection should therefore match the prediction objective. Prediction performance
depends not only on model structure but also on the quality and coverage of training data.

Figure 11b shows the effect of different training datasets on prediction error, as re-
ported by Saiyad et al. [91]. CFD data provide relatively complete spatial field information
and enable the generation of training samples under multiple operating conditions. How-
ever, models trained on CFD data may inherit uncertainties associated with boundary
conditions, mesh resolution, and other model simplifications. Experimental or operational
data more closely reflect actual conditions, but have limited spatial and operating condi-
tion coverage [32]. The thermal response learned by a model is therefore constrained by
its training data; its applicability depends on both the data source and modeling scale.

Figure 11c illustrates the influence of training sample size on prediction performance
reported by Deng et al.[29]. With increasing sample size, the MAE of different algorithms
gradually decreases, while the R? values improve and tend to stabilize. This indicates that
sufficient training samples contribute to improved prediction accuracy and model stabil-
ity. However, simply increasing the number of samples does not necessarily guarantee
continuous improvement, as representative coverage of operating conditions, including
load levels, supply-air parameters, and airflow states, is more important than sample
quantity alone [29].

Overall, data center thermal environment prediction performance is jointly influ-
enced by algorithm selection, training data source and quality, and sample coverage. Fu-
ture research should not focus only on algorithm complexity but should also emphasize
the construction of representative training datasets, complementary use of CFD and meas-
ured data, and validation of model generalization across different operating conditions
[10,57].
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Figure 11. Factors affecting prediction performance: (a) model type [10]; (b) training data source

[91]; () training sample size [29].

5.3. Analysis of Model Prediction Efficiency

In terms of computational efficiency, surrogate models outperform traditional CFD
simulations by a large margin. Figure 12 compares the time consumption of CFD simula-
tion and surrogate model prediction, with detailed time ranges listed in Table 6. CFD gen-
erally takes 5 min to 200 h for computation, while surrogate models complete predictions
within 0.097 to 2250 s. CFD relies on iterative solving of complex equations and thus con-
sumes massive computing resources. Trained surrogate models, by contrast, enable in-
stant inference. Additionally, some studies combine reduced-order models such as POD
with deep learning [34]. These methods retain key flow and heat transfer characteristics
while avoiding iterative computation, further cutting computational costs. The transition
from time-consuming simulation to instant prediction supports efficient evaluation of
complex thermal environments, proving great application potential of surrogate models
in real-time control and rapid optimization.
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Figure 12. Comparison of output time between CFD simulations and model predictions [9,10,27—
29,34,35,87,90,92]. The dashed lines indicate the mean output times of CFD simulations and model

predictions.
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6. Discussion
6.1. Comparison and Assessment of Experimental Measurements, CED, and Predictive Models

Recent advances in experimental measurements, CFD, and predictive models have
strengthened thermal environment analysis in data centers. Yet most studies still examine
these methods separately, and data exchange, cross-validation, and integrated use remain
limited. Research is gradually shifting from isolated temperature or airflow assessment
toward multiscale, multimethod integration and energy-efficiency optimization. Table 7
compares the three approaches in terms of typical outputs, strengths, reliability, limita-
tions, and applications. The comparison is based on their commonly reported character-
istics in previous studies, including data acquisition for experimental measurements
[5,19], spatial representation for CFD simulations [47,66], and prediction efficiency and
data requirements for predictive models [10,34]. These approaches are complementary
rather than interchangeable, with distinct advantages in representing actual operation,
resolving spatial fields, and reducing computation time.

Table 7. Comparison of experimental measurements, CFD, and predictive models.

Comparison . . . . .

K P ] Experimental Measurement CFD Numerical Simulation Model Prediction
Dimension

. Temperature and air velocity at Full-field temperature distribution, Key point temperature prediction

Typical out- . X . .

uts cabinet inlets/outlets, hot/cold Hotspot location and extent, Airflow Thermal risk assessment
P aisles, etc. organization and mixing Temperature trend prediction
Main Ad Data is authentic and reliable, Obtains full spatial temperature dis- Fast computation
vantages provides calibration data for  tribution, can simulate extreme con- Low resource requirements

simulation, mature technology ditions, relatively low cost Strong predictive capability

Main Limita-

Limited spatial coverage Oversimplifies real-world complex-
Measurement may cause inter- ity High computational resource de-

Data-dependent accuracy, Poor
scenario adaptability, Requires ex-

tions ference, high cost mands Relies on validation tens_lve trammg .data, Weak physi-
cal interpretability
Reliability High local fidelity High field accuracy after validation High in-domain approximation
Main uses Monitoring, calibration, Hotspot detection, airflow diagnosis, Rapid assessment, parameter
energy evaluation scheme comparison screening, online warning

Experimental measurements provide direct evidence of actual operating conditions.
Measurements of temperature, air velocity, pressure, power, and energy use support op-
erational monitoring, CFD boundary condition specification, model calibration, and en-
ergy performance assessment [5,32] When instruments are calibrated and measurement
uncertainty is controlled, measurements offer high local fidelity. Their coverage is never-
theless constrained by sensor number and placement, test cost, and operating conditions,
making full characterization of the three-dimensional thermal environment difficult [19].
Measurement design should therefore align parameter selection and sensor placement
with the research objective and jointly capture the thermal environment, airflow organi-
zation, and cooling energy use.

CFD simulations provide continuous temperature, velocity, and pressure fields for
hotspot identification, airflow organization diagnosis, and cooling-scheme comparison.
Compared with discrete point measurements, they extend spatial and operating condition
coverage and enable analysis under extreme boundary conditions. Their reliability is af-
fected by boundary conditions, mesh settings, turbulence models, rack representation,
and validation quality. Credible spatial field results require validation using variables and
spatial scales consistent with the research objective [47]. Standardized model validation
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and coupling with cooling-system models are therefore needed to extend CFD from ther-
mal environment analysis to energy optimization.

Predictive models learn input—output relationships from measured or CFD data and
rapidly estimate temperatures, hotspot risks, and thermal environment indicators for
multi-condition assessment, parameter screening, and online early warning [16]. When
trained on power or energy-use outputs, they can also predict energy performance. Com-
pared with conventional CFD, predictive models are much faster, but their reliability is
constrained by training data quality, sample coverage, and model structure. They gener-
ally provide accurate approximations within the training domain, but reliability may de-
cline markedly beyond it. Further progress depends not only on algorithm complexity but
also on hybrid frameworks that integrate physical laws, CFD data, and operational data.

The three methods therefore serve complementary roles: measurements provide the
operational benchmark, CFD extends spatial and operating condition coverage, and pre-
dictive models enable rapid multi-condition analysis. For energy-efficiency assessment,
measured power or energy-use data remain the most direct evidence. CFD mainly pro-
vides thermal environment and airflow constraints, whereas predictive models can esti-
mate power or energy-use indicators only when trained on corresponding outputs.

6.2. Collaborative Framework for Experimental Measurement, CFD, and Predictive Modeling

Figure 13 shows the data flow, mutual validation, and iterative feedback among ex-
perimental measurements, CFD simulations, and predictive models. Measurements of
temperature, air velocity, pressure, power, and energy use collected at rack inlets and out-
lets, in cold and hot aisles, and near cooling units provide the empirical basis for thermal
environment assessment, CFD boundary condition definition, and model validation [32].
Measured power or energy-use data also directly support the evaluation of PUE and other
energy performance indicators [44].

Once calibrated and validated against measurements, CFD models can generate
multi-condition datasets covering different loads, supply-air temperatures, and airflow
organization strategies, thereby extending the limited spatial and operating condition
coverage of experiments [32]. The resulting temperature, velocity, and pressure fields sup-
port hotspot identification, airflow organization diagnosis, and cooling-scheme compari-
son, and they can also serve as training data for predictive models.

Predictive models can be trained on measurements and data generated by validated
CFD models to rapidly estimate temperature fields, hotspot risks, and, where correspond-
ing outputs are available, energy performance indicators. Their predictions can identify
hotspots and steep temperature-gradient regions and, when uncertainty estimates are
available, poorly represented operating conditions. These results can guide supplemen-
tary measurements and refine sensor placement. Substantial discrepancies between pre-
dictions and measurements should trigger a review of both the predictive and CFD mod-
els. Where CFD assumptions are responsible, boundary conditions, rack representations,
or model parameters should be updated, and the revised CFD data, together with new
measurements, can be used for model retraining.

Together, the three methods form an iterative framework based on data sharing, mu-
tual validation, and discrepancy-driven updating. Experimental measurements provide
the empirical benchmark, CFD expands spatial and operating condition coverage, and
predictive models enable rapid assessment across multiple conditions. Their combined
use can support thermal environment optimization and cooling-scheme screening, but
energy-saving claims still require confirmation using measured power or energy-use data
or a validated system-level energy model.
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Figure 13. Schematic diagram of the synergistic relationship among experimental measurements,

CFD simulations, and prediction models [71].

6.3. Challenges and Future Directions

Experimental measurements must capture representative multiscale behavior with-
out significantly disrupting normal operation. Tradat et al. [19] showed that airflow esti-
mates can vary with the method used for server- and rack-level measurements. Within
racks, server fans, component layouts, and local flow paths create complex thermal and
airflow patterns that sparse measurements cannot fully resolve. Large data centers also
face high testing costs, limited access to operational data, and difficulty synchronizing
multiple variables. Measurement campaigns should therefore coordinate sensor place-
ment, parameter selection, and monitoring duration with the assessment objective rather
than simply adding more sensors.

For CFD, the central trade-off is between model fidelity and computational cost. Re-
sults are affected by mesh resolution, turbulence models, server heat loads, rack airflow
rates, and other boundary conditions. Liu et al. [57] emphasized the need for experimental
calibration and validation, while larger computational domains and finer rack-level reso-
lution rapidly increase cell count and runtime. Hu et al. [78] further reported that high-
fidelity CFD cannot readily meet rapid-prediction requirements. Representing racks as
uniform heat sources or black-box models may omit local thermal variations caused by
server fans, internal airflow paths, and nonuniform heat sources [10]. Model scale should
therefore match the research objective, with local mesh refinement and hierarchical mod-
eling used to control computational cost.
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Predictive models remain strongly dependent on their training domain. Fang et al.
[10] showed that excessive simplification of racks and servers can discard important in-
formation on internal heat transfer and airflow, while Jin et al. [27] reported larger errors
under off-design conditions. Most studies predict room-scale or rack-inlet temperatures;
few resolve server-level hotspots or transient thermal responses within racks. Wang et al.
[88] combined multiscale modeling with deep learning, but the resulting framework still
requires validation under abrupt load changes, equipment failures, layout changes, and
different cooling boundary conditions. Robust application therefore requires validation
across loads, layouts, and boundary conditions, together with physical constraints during
model training.

Beyond improving thermal prediction accuracy, future studies should further
strengthen the connection between thermal performance assessment and energy perfor-
mance evaluation. Current thermal studies mainly rely on temperature distribution, air-
flow characteristics, and hotspot indicators, whereas the impact of these improvements
on cooling energy performance is less frequently quantified. Thermal optimization strat-
egies may influence energy consumption through changes in airflow regulation, fan
power, supply-air temperature, and cooling-system operation. Therefore, future frame-
works should integrate thermal measurements, CFD simulations, and predictive models
with energy-related parameters, including IT power, cooling-system power, airflow rate,
and system-level efficiency indicators. Such thermal-energy coupling is essential for de-
termining whether improved thermal conditions can translate into measurable energy
benefits.

A further challenge is error propagation across the integrated workflow. When pre-
dictive models are trained on CFD data, uncertainties introduced by boundary condition
specification, mesh discretization, and rack simplification may carry through to the final
predictions. Differences in input variables, prediction targets, data partitioning, and eval-
uation metrics also limit direct comparison across studies [16]. Progress will require reus-
able multi-condition datasets, standardized validation protocols, cross-condition evalua-
tion metrics, and explicit reporting of source-specific uncertainty and its propagation.

Improving any one method in isolation is therefore insufficient. A robust research
framework requires objective-oriented measurements, validated multiscale CFD, and
physics-informed predictive models, linked through uncertainty tracking and iterative re-
calibration.

7. Conclusions

This review analyzes 77 studies on data center thermal environments published since
2010, covering experimental measurements, CFD simulations, and predictive models. The
key conclusions are as follows:

(1) Experimental measurements underpin thermal environment analysis and model
validation, but current practices remain inconsistent. Temperature and air velocity were
measured in 100% and 66.7% of the studies, respectively, whereas power, airflow rate,
and pressure were less commonly monitored. A hierarchical measurement framework is
therefore proposed for thermal safety assessment, airflow diagnosis, and model valida-
tion.

(2) Among 58 CFD studies, Fluent and 65igmaDC were the dominant software plat-
forms, while the standard k- model was the most widely used turbulence model. CFD
expands spatial coverage relative to measurements, but its reliability depends on bound-
ary conditions, model simplifications, and validation scope. Validation remains focused
on temperature, with much less coverage of velocity and pressure, and thermal improve-
ment alone does not demonstrate lower cooling energy use.
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(3) The 17 prediction studies show that data-driven models can predict temperature
fields and hotspot risks much faster than conventional CFD, but their performance re-
mains limited by training data quality, operating condition coverage, and generalization.
Future models should integrate measurements, data generated by validated CFD models,
and physical constraints.

(4) The three methods are complementary: measurements provide real-world bench-
marks, CFD expands spatial field and operating condition coverage, and predictive mod-
els enable rapid assessment. This review therefore proposes a closed-loop framework
based on data sharing, mutual validation, and discrepancy-driven updating. Energy sav-
ings must still be confirmed using measured power or energy-use data or validated sys-
tem-level models.
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