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1. Introduction 

Over the last several decades, the world has witnessed a substantial 
increase in the demand for electricity [1]. Consequently, there has been 
a significant rise in carbon emissions from power generation systems 
[2], which has raised concerns over their environmental impact and 
contribution to the climate change crisis [3]. These facts encouraged the 
research to investigate the potentials for improving systems energy ef
ficiency [4]. Data centers, which support information-driven societies, 
account for nearly 1.3% of the world s electricity consumption [5]. The 
energy consumption of these bulk energy consumers was forecasted to 
increase by approximately 140 billion kWh by 2020, in the US only [6]. 
It is reported that one to two thirds of a data center s energy con
sumption is allocated to cooling infrastructure [7,8]. In the electronics 
industry, increasing heat flux dissipation density in chips has become a 
bottleneck challenge that restricts further technological development. 
Thus, data center cooling systems have become the focal point of many 
researchers who want to investigate energy-saving opportunities while 
considering reliability concerns. 

Increasingly, many emerging cooling technologies like liquid cooling 
[9] and two-phase cooling [10] are being widely adopted. However, air 
cooling remains the most reliable and widely used cooling approach to 
date [11]. R. Gupta, S. Asgari, H. Moazamigoodarzi, S. Pal, and I. Puri 
[12] compared four cooling architectures for air-cooled data centers 
from exergy point of view. H. Moazamigoodarzi, P. Tsai, S. Pal, S. Ghosh, 
and I. Puri [13] compared room, row, and rack cooling architectures in 
terms of data center power consumption. Their results revealed that 
adopting cooling architectures at the row and rack levels decreased the 
overall cooling system power consumption by up to 29% when 
compared with the room level cooling architecture. Z. Song [14] 
examined using fans to assess the cooling system performance in data 
centers with and without Cold Aisle Containment (CAC). H. Lu and Z. 
Zhang [15] analyzed the data center thermal performance variation 
while changing its geometrical configurations and the computer room s 
air conditioning arrangement. X. Meng, J. Zhou, X. Zhang, Z. Luo, H. 
Gong, and T. Gan [16] optimized the thermal performance of a relatively 
small data center in China. Y. Zhang, K. Zhang, J. Liu, R. Kosonen, and X. 
Yuan [17] constructed T-shaped underfloor air ducts in a modular data 
center to improve the airflow uniformity. A. Almoli, A. Thompson, N. 

Kapur, J. Summers, H. Thompson, and G. Hannah [18] developed a new 
computational fluid dynamics (CFD) methodology for modeling data 
centers that adopted rear door heat exchangers. M. T-Evans, N. Kapur, J. 
Summers, H. Thompson, and D. Oldham [19] investigated the effect of 
air bypass and recirculation in data centers on the cooling infrastructure 
power consumption. J. Cho and J. Woo [20] introduced an in-row 
coolers for improving the thermal environment of a data center by 
providing a lesser air distribution path. L. S-Llanca, A. Ortega, K. Fou
ladi, M. Valle, and V. Sundaralingam [21] tested direct and indirect 
exergy destruction approaches against simplified and actual data center 
flow. They found that using the direct method results in a better when 
calculating the exergy destruction for the airside in data center. C. Zhou, 
C. Yang, C. Wang, and X Zhang [22] conducted a numerical analyses on 
a cooling system designed for small-scale data centers. J. Athavale, M. 
Yoda, and Y. Joshi [23] compared different data-driven modeling ap
proaches according to their ability to predict temperatures in data 
centers. A. Khalaj, T. Scherer, J. Siriwardana, and S. Halgamuge [24] 
tested the impact of distributing the workload on a data center s cooling 
system s efficiency. It is important to note that all these studies 
employed CFD models whilst conducting their analyses at the data 
center facility level. 

Over the years, CFD techniques have been recognized as the most 
convenient tool for designing, characterizing, and diagnosing data 
centers [17,25]. Using a CFD digital twin model of a data center can 
accurately replicate the data center s performance at different operating 
conditions. compared to other data center modeling techniques, such as 
proper orthogonal decomposition [26 29], console-based simulation 
tools [30], thermodynamic flow network modeling [31], and machine 
learning models [32 35], CFD simulations are the most adoptable [36]. 
However, CFD models are also the most computationally intensive 
among all modeling approaches. As a result, compact models have been 
employed in CFD tools as a method for avoiding excess computational 
cost. A compact model assumes that the complexities of physics inside 
an object can be represented by an approximate model of the object s 
impact on its surroundings at the locations where the object and the 
surroundings interact. This assumption is less computationally intensive 
than those made by traditional CFD simulations because it requires less 
level of detail. In facility level analyses of white space, compact models 
are considered necessary for modeling the complexities of IT equipment 

Nomenclature 

C1 , C2 ,C Coefficients in eqns. 5 and 6 
Body forces 

G Generation of turbulent kinetic energy 
h Heat transfer coefficient 
k Kinetic energy 
k* Thermal conductivity 

Mass flow rate 
Pressure 

q Heat flow rate 
Q Volume flow rate 
R2 Coefficient of determination 
S Volumetric heat generation 
Sk, S Source terms 

Temperature 
Velocity 

YM Fluctuating dilation in compressible turbulence 
Rate of turbulent kinetic energy dissipation 
Dynamic viscosity 

t Turbulent viscosity 
Fluid density 

k, Turbulent Prandtl numbers 

Stress tensor 
Dissipation function 

Abbreviations 
CAC Cold aisle containment 
CFD Computational fluid dynamics 
CRAH Computer room air handler 
DT Decision tree 
IPMI Intelligent platform management interface 
IT Information technology 
MAE Mean absolute error 
OAT Outlet air temperature 
PDU Power distribution unit 
RANS Reynolds averaged Navier-Stokes 
RF Random forest 
SAT Supply air temperature 
UPS Uninterrupted power supply 
VRM Voltage regulator modules 

Subscripts 
B Buoyancy force 
Eff Effective  
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in a computationally efficient manner. 
Additionally, server compact models are not limited to CFD analyses, 

but can also be used to conduct thermal and energy management 
functions in a data center, identify the potential for power management, 
predict power consumption, and balance the needs of the data center, 
and so on [37]. Other approaches to developing compact models for IT 
equipment and power consumption have been investigated by re
searchers for use in CFD modeling at the data center facility level. H. 
Cheung, S. Wang, C. Zhuang, J. Gu [38] presented IT equipment 
simplified model for calculating power consumption in a data centers. 
This model was developed to be utilized in simulating the dynamic IT 
equipment energy performance in data centers under various operation 
conditions. J. VanGilder, Z. Pardey, X. Zhang, and C. Healey [39] 
introduced a compact server model that captured the effects of the 
server s thermal mass. H. Moazamigoodarzi, R. Gupta, S. Pal, P. Tsai, S. 
Ghosh, and I. Puri [40] developed IT server enclosures compact model 
which can capture the temperature distribution and power consumption 
inside the enclosures. S. Erden, E. Khalifa, and R. Schmidt [41] proposed 
a new method to derive some server s properties such as thermal 
capacitance and conductance from external measurements. A review of 
existing power consumption models for IT equipment was conducted by 
C. Jin, X. Bai, C. Yang, W. Mao, and X. Xu [37]. All these studies focused 
mainly on predicting the power consumed by the IT equipment or on 
developing a simplified equipment model without considering the IT 
equipment s different operating conditions. Furthermore, these studies 
ignored the physics-based variations between different IT equipment, 
which significantly affected their model s accuracy, especially at the off- 
design conditions. Lastly, none of the previous studies were able to 
provide an accurate model for calculating the IT equipment s airflow 
requirements. 

In a real-world data center, IT equipment operating conditions, such 
as the data center s architecture, spatial location, inlet pressure, inlet air 
temperature, and CPU utilization, can vary significantly. This requires a 
physics-based compact model that can predict the IT equipment s 
behavior under off-design conditions. Since error can be significantly 
magnified when implementing these compact models in data center 
facility level CFD models, the compact model s degree of accuracy at 
different operating conditions is a mandatory factor that must be 
considered. Moreover, capturing the amount of flow required by each IT 
equipment is vital for power and capacity planning in data centers. 
Generally, data center operators tend to overprovide IT equipment with 
cool air to ensure their reliability. Adopting this practice results in a 
huge amount of wasted energy by the Computer Room Air Handler 
(CRAH) unit, which is responsible for a considerable share of the cooling 
system s total power consumption. On the other hand, under- 
provisioning leads to an increase in the amount of hot air recirculation 
and the formation of hotspots, consequently decreasing the cooling 
system s efficiency and exposing the equipment to reliability issues. 
Therefore, accurately predicting the amount of air flow required by IT 
equipment is as critical as predicting its heat dissipation, since it is used 
to calculate the cooling units air delivery. 

This study presents a novel extended method of building an IT 
equipment compact model that employs a combination of machine 
learning (regression analysis) and CFD simulation. By integrating ma
chine learning with the detailed CFD IT equipment model, the CFD 
model transforms from a rigid model that can predict the IT equipment 
performance at the design point conditions to a dynamic model which is 
capable of predicting the overall performance at various environmental 
conditions. As this model simulates the overall performance of the IT 
equipment, it can be used to derive a compact model that predicts the 
required amount of flowrate and the air temperature leaving the IT 
equipment, besides the power dissipated by the equipment. The key 
novelty of this approach that distinguish it from existing methods for 
building compact models of IT equipment, and they can be summarized 
as follows:  

This approach captures the IT equipment s behavior under different 
environmental conditions in the data center, which is essential for 
predicting the data center s energy load demand, hence regulating 
the data center s power consumption [42].  
This model adapts a full physics-based model, hence it is expected to 
provide very accurate predictions at both design and off-design 
conditions.  
All the data and tools used in this approach are readily available to 
almost everyone involved in the thermal management of a DC (CFD 
software, technical manuals, Intelligent Platform Management 
Interface (IPMI) data, etc.).  
This approach can also compute the amount of airflow required by 
the IT equipment at various operating conditions with a high degree 
of accuracy. 

Combined, these distinguishing characteristics provide the founda
tion for a novel method of building an IT equipment compact model. 
Beside introducing the novel approach, the integration of machine 
learning algorithms with the IT equipment CFD model, where the ma
chine learning model was used to generate data that is used as input for 
IT equipment CFD model, is completely new. 

For many years, specifying the accurate flowrate demand in data 
centers at different operating conditions is identified as a key restriction 
for further improvement in the data center s cooling system s energy 
efficiency. Without providing an accurate practical solution, the inca
pability of calculating the airflow demand leaves a remarkable knowl
edge gap in the available literature. Hence, this study is to provide a 
significant contribution to the new body of knowledge as it introduces a 
reliable and fast tool for calculating the flowrate demand in data centers. 
The following are the major advantages of utilizing this tool:  

By integrating this tool into the thermal and energy management of a 
DC, its cooling system capacity planning can potentially be expanded 
to cover calculating the amount of airflow required by the equip
ment, along with the IT equipment power consumption and heat 
dissipation. Since this extended method considers the amount of 
airflow required by the IT equipment, with the appropriate adjust
ments to the airflow supply from the cooling unit it introduces the 
potential for substantial energy savings in currently operating data 
centers. It was proven that adopting effective airflow management in 
data centers could result in a substantial amount of energy savings 
[43]. According to a previous study, adopting proper flow manage
ment showed a possibility for significant energy saving opportunities 
on both the CRAH unit and the chiller, where the CRAH power 
consumption was reduced by 75% and the chiller power consump
tion was reduced by 16% [44].  
Using this tool can fill in the lack of information on IT equipment s 
flow requirements, which can potentially prevent cooling system 
oversizing or overprovisioning in future data centers.  
When it comes to CFD models, implementing this approach could 
remarkably improve their accuracy and reduce their computational 
costs, especially during transient simulations in which a data center 
experiences various operating conditions.  
This tool eliminates the need to calibrate CFD models because the IT 
equipment compact model can replicate accurate performances at 
different environmental conditions. 

The remainder of this paper is organized as follows: the method used 
to develop the IT equipment compact model is described, including the 
details of data collection, deriving the power consumption model, the 
fan control algorithm, the numerical model, and the regression function. 
Then, the experimental setup that was used to validate the results is 
introduced. Thereafter, the results from each stage of development for 
the IT equipment compact model are discussed and compared with the 
experimental results. Finally, further conclusions are drawn in the last 
section. 
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2.  M et h o d ol o g y 

I n m a n y C F D t o ol s, tr a diti o n al c o m p a ct m o d el s f or I T e q ui p m e nt ar e 

o v erl y si m pli sti c. Oft e nti m e s, t h e y tr e at t h e air fl o w a n d h e at di s si p ati o n 

a s fi x e d v al u e s or ar e l u m p e d t o g et h er a s a si n gl e r a c k c o m p a ct m o d el. 

S o m e  t o ol s  g o  f urt h er,  a n d  t h e  fl o w  c a n  b e  c o ntr oll e d  a s  w ell  a s 

r e s p o n di n g t o diff er e nti al pr e s s ur e. T h e m et h o d pr e s e nt e d i n t hi s w or k 

i m pr o v e s  u p o n  t h e  a c c ur a c y  of  t h e  I T  e q ui p m e nt  c o m p a ct  m o d el.  It 

pr o p o s e s utili zi n g d at a t h at c a n b e c oll e ct e d i n al m o st all d at a c e nt er s 

a n d d e v el o pi n g a s eri e s of r e gr e s si o n m o d el s t o b uil d t h e I T e q ui p m e nt 

c o m p a ct m o d el. T h e m et h o d ol o gi c al a p pr o a c h st art s wit h c oll e cti n g t h e 

I P MI d at a f or t h e I T e q ui p m e nt. T h e n, t hi s d at a i s u s e d t o d eri v e t h e I T 

e q ui p m e nt ’s  p o w er  c o n s u m pti o n  m o d el  a n d  t h e  f a n  s p e e d  pr e di cti o n 

m o d el s. T h er e aft er, t h e s e m o d el s ar e i nt e gr at e d wit h a d et ail e d p h y si c s- 

b a s e d  I T  e q ui p m e nt  C F D m o d el t o pr e di ct  t h e  I T  e q ui p m e nt ’s p erf or -

m a n c e at off- d e si g n c o n diti o n s. T hi s m o d el i s utili z e d t o pr o d u c e a n e w 

s et  of  d at a t h at c orr el at e s t h e  o p er ati n g  c o n diti o n s wit h  t h e r e s p o n s e 

p ar a m et er s. Fi n all y, a pr o p er r e gr e s si o n m o d el i s a p pli e d t o yi el d si m pl e, 

y et  a c c ur at e,  r e gr e s si o n  f u n cti o n s  t h at  r e pr e s e nt  t h e  I T  e q ui p m e nt 

c o m p a ct m o d el. Fi g. 1 s h o w s t h e fl o w di a gr a m f or t h e pr o p o s e d m et h -

o d ol o gi c al a p pr o a c h a d o pt e d i n t hi s st u d y. 

It  s h o ul d  b e  n ot e d  t h at  t h er e  m a y  b e  c o n si d er a bl e  diff er e n c e s  b e-

t w e e n v ari o u s t y p e s of I T e q ui p m e nt. T h e diff er e n c e s b et w e e n diff er e nt 

s er v er s ’ t y p e s a n d m o d el s i n cl u d e si z e, l a y o ut, g e o m etri c al p ar a m et er s, 

r at e d  p o w er,  n u m b er of  f a n s, et c.  E v e n f or  s o m e m o d er n s er v er s, t h e 

BI O S  s etti n g s  all o w  t h e  u s er  t o  s et  t h e  s er v er  i n  a  hi g h- p erf or m a n c e 

m o d e w h er e t h e f a n p o w er i s r e d u c e d. H e n c e, t h e s e diff er e n c e s r e s ult 

i n diff er e nt air fi o w p att er n s, fl o wr at e, t e m p er at ur e v ari ati o n s a cr o s s t h e 

s er v er, a n d di s si p at e d p o w er. T h e o bj e cti v e of t hi s p a p er i s t o i ntr o d u c e a 

g e n er al m et h o d ol o g y of cr e ati n g v ari o u s c o m p a ct m o d el s f or v ari o u s I T 

e q ui p m e nt b a s e d o n a c o m bi n e d C F D a n d o p er ati o n al d at a a p pr o a c h. 

Aft er t h or o u g hl y e x pl ai ni n g t h e c o m p a ct m o d el d e v el o p m e nt a p pr o a c h, 

t h e  r e s ult s  a n d  di s c u s si o n  s e cti o n  e x a mi n e d  c o n str u cti n g  a n  e x a m pl e 

c o m p a ct  m o d el  f or  s p e ci fl c  I T  e q ui p m e nt  t o  a s s e s s  t h e  s u g g e st e d 

a p pr o a c h. T h u s, all t h e r e s ult s pr e s e nt e d i n t h at s e cti o n ar e f or a si n gl e 

s p e ci fi c s er v er. 

2. 1.  D at a c oll e cti o n 

T h e  m et h o d ol o gi c al  a p pr o a c h  pr e s e nt e d  i n Fi g.  1 st art s  wit h  c ol -

l e cti n g I T e q ui p m e nt m o nit ori n g d at a t hr o u g h t h e I P MI. I P MI i s d e fl n e d 

a s s et of r e g ul ati o n s f or h ar d w ar e- b a s e d pl atf or m m a n a g e m e nt s y st e m s, 

i n a n ot h er w or d s it i s a ki n d of s e c urit y g u ar d f or I T e q ui p m e nt. O n e 

f u n cti o n of t h e I P MI i s t o m o nit or t h e I T e q ui p m e nt st at u s b y r e p orti n g 

t h e  t e m p er at ur e  r e a di n g s,  p o w er  c o n s u m pti o n,  f a n  s p e e d s,  et c.  N ot e, 

diff er e nt t y p e s of d at a c a n b e c oll e ct e d fr o m diff er e nt s er v er s. T h e m o st 

c o m m o n s et s of c oll e ct e d d at a ar e i nl et air t e m p er at ur e; i n di vi d u al C P U 

utili z ati o n; m ot h er b o ar d t e m p er at ur e; i n di vi d u al C P U m a x t e m p er at ur e, 

a v er a g e  t e m p er at ur e,  a n d  C P U  p o w er  c o n s u m pti o n;  a n d  t ot al  p o w er 

e nt eri n g t h e I T e q ui p m e nt. T o e n s ur e t h at a ri c h d at a s et i s g e n er at e d f or 

m a c hi n e  l e ar ni n g  t e c h ni q u e s,  t h e  d at a  s h o ul d  b e  c oll e ct e d  at  v ari o u s 

e n vir o n m e nt al o p er ati n g c o n diti o n s. T h e d at a d at a s et c o n si d er e d i n t hi s 

st u d y  w a s  g e n er at e d  i n  t h e  E S 2  d at a  c e nt er  l a b or at or y  at  t h e  St at e 

U ni v er sit y of N e w Y or k at Bi n g h a mt o n, w h er ei n t h e c h o s e n I T e q ui p -

m e nt w a s t e st e d at v ari o u s o p er ati n g c o n diti o n s. E S 2 d at a c e nt er l a b o -

r at or y w a s b uilt f or r e s e ar c h p ur p o s e s, a n d a s p e ci al i n- h o u s e C pr o gr a m 

w a s  d e v el o p e d  f or  g at h eri n g  t h e  d at a  fr o m  t h e  diff er e nt  c o m p o n e nt s 

wit hi n t h e d at a c e nt er t hr o u g h Li n u x o p er ati n g s y st e m. B a si c all y, t hi s 

pr o gr a m  r e a d s  t h e  v al u e s  r e p ort e d  b y  a  s e n s or  or  a  c o m p o n e nt  a n d 

g at h er s t h e m i n a c o m m a- s e p ar at e d v al u e s ( C S V) fll e. T h e pr o gr a m w a s 

d e v el o p e d t o c oll e ct a wi d e r a n g e of d at a i n cl u di n g d at a t h at i s n ot oft e n 

g at h er e d i n d at a c e nt er s, s u c h a s C P U utili z ati o n. 

2. 2.  D eri vi n g p o w er c o ns u m pti o n m o d el a n d f a n c o ntr ol al g orit h m ( usi n g 

m a c hi n e l e ar ni n g t e c h ni q u es )  

• P o w e r c o n s u m pti o n m o d el 

D at a c e nt er c o m p o n e nt s c a n b e cl a s si fi e d i nt o f o ur m ai n c at e g ori e s: 

p o w er  c o m p o n e nt s,  c o oli n g  e q ui p m e nt,  I T  e q ui p m e nt,  a n d  mi s c ell a -

n e o u s c o m p o n e nt s ( s e n s or s, m o nit ori n g s y st e m s, et c.) [ 4 5 ] . T o g et h er, I T 

a n d c o oli n g e q ui p m e nt ar e r e s p o n si bl e f or ar o u n d 9 0 % of o v er all d at a 

c e nt er  p o w er  c o n s u m pti o n [ 4 6 ] .  A d diti o n all y,  t h e  I T  a n d  c o oli n g 

e q ui p m e nt ar e hi g hl y c o u pl e d c o m p o n e nt s b e c a u s e of t h eir i nt er a cti o n s 

i n  t h e  d at a  c e nt er’s  t h er m al  e n vir o n m e nt.  F or  t h e  c o oli n g  s y st e m,  it s 

l o a d i s d e fi n e d u p o n t h e t ot al e n er g y ( h e at) di s si p at e d b y t h e I T e q ui p-

m e nt. F or t h e I T e q ui p m e nt, fl o wr at e i n cr e a s e s w h e n t h e c o oli n g u nit 

S A T i s  i n cr e a s e d, s u b s e q u e ntl y  i n cr e a si n g b ot h t h eir p o w er c o n s u m p -

ti o n s [ 3 7 ] . A s c h e m ati c f or t h e p o w er a n d h e at fl o w i n si d e a d at a c e nt er 

i s pr o vi d e d i n Fi g. 2 . 

B a s e d o n t h e c o m pl e xit y of t h e s e i nt er a cti o n s, t o u n d er st a n d e n er g y 

a n d h e at fl o w i n e a c h d at a c e nt er, a m or e c o m pr e h e n si v e c o m p a ct m o d el 

t h at c a n a c c ur at el y d e s cri b e t h e o v er all p o w er c o n s u m pti o n a n d t h er m al 

p erf or m a n c e of t h e I T e q ui p m e nt i s n e e d e d. 

W h e n it c o m e s t o I T e q ui p m e nt p o w er c o n s u m pti o n, s e v er al st u di e s 

c o n cl u d e d t h at t h e C P U utili z ati o n r at e a n d t h e I T e q ui p m e nt st at u s ( o n / 

Fi g. 1. M et h o d ol o g y f or b uil di n g I T e q ui p m e nt c o m p a ct m o d el.  

Y. M. M a n as er h et al.                                                                                                                                                                                                                           



A p pli e d E n er g y 3 0 5 ( 2 0 2 2 ) 1 1 7 8 4 6

5

off) si g ni fl c a ntl y aff e ct e d t h e p o w er c o n s u m e d b y t h e I T e q ui p m e nt a n d 

c o n s e q u e ntl y,  t h e  t h er m al  l o a d  i n  t h e  d at a  c e nt er [ 4 7 – 4 9 ] .  F or  t h at 

r e a s o n,  a  p o w er  u s a g e  m o d el  w a s  o bt ai n e d  fr o m  t h e  I P MI  d at a  t o 

c orr el at e  t h e  C P U  p o w er  c o n s u m pti o n  wit h  it s  utili z ati o n  f a ct or.  T h e 

p o w er c o n s u m pti o n m o d el f or e a c h I T e q ui p m e nt c a n b e e a sil y e xtr a ct e d 

fr o m t h e I P MI d at a a s a f u n cti o n of C P U utili z ati o n.  

• F a n s p e e d p r e di cti o n 

A s pr e vi o u sl y m e nti o n e d, o v er pr o vi si o ni n g a n d u n d er pr o vi si o ni n g 

air fi o w  c a n  h a v e  d etri m e nt al  eff e ct s  o n  p o w er  c o n s u m pti o n  a n d  r eli -

a bilit y,  r e s p e cti v el y.  T h er ef or e,  it  i s  i m p ort a nt  t o  e st a bli s h  t h e  e x a ct 

a m o u nt  of  air fl o w  r e q uir e d  b y  e a c h  ai sl e  b y  e sti m ati n g  t h e  air fl o w 

r e q uir e d  b y  t h e  I T  e q ui p m e nt.  A  pr a cti c al  w a y  t o  c al c ul at e  t h e  I T 

e q ui p m e nt air fi o w d e m a n d w o ul d b e t o c al c ul at e t h e fl o wr at e dri v e n b y 

it s f a n at c ert ai n o p er ati n g c o n diti o n s, w hi c h c a n b e d o n e u si n g t h e f a n 

s p e e d a n d t h e f a n p erf or m a n c e c ur v e. H o w e v er, u nli k e t h e f a n p erf or -

m a n c e c ur v e, t h e f a n c o ntr ol al g orit h m i s n e v er r e p ort e d b y v e n d or s. 

T h u s, i n t hi s st u d y, w e att e m pt e d t o utili z e t h e I P MI d at a t o e xtr a ct t h e 

f a n c o ntr ol al g orit h m. H o w e v er, t h e i nt er a cti o n b et w e e n t h e diff er e nt 

f e at ur e s  ( c oll e ct e d  fr o m  t h e  I T  e q ui p m e nt  s e n s or s  t hr o u g h  I P MI)  i s 

pr e v e nti n g  c a pt uri n g  t h e  e x a ct  f a n  c o ntr ol  al g orit h m.  F or  i n st a n c e, 

i n cr e a si n g  t h e  S A T  aff e ct s  all  ot h er  t e m p er at ur e s  r e p ort e d  b y  t h e 

diff er e nt s e n s or s i n si d e t h e I T e q ui p m e nt. 

T h er ef or e, i n st e a d of e xtr a cti n g t h e a ct u al f a n c o ntr ol al g orit h m, f a n 

s p e e d  pr e di cti o n  m o d el s  w er e  d e v el o p e d.  B uil di n g  s p e e d  pr e di cti o n 

m o d el s f or t h e I T e q ui p m e nt f a n s i s a n e xtr e m el y c o m pl e x t a s k t o b e 

d o n e. W h er e a s a si n gl e f a n c o ul d b e c o ntr oll e d b y diff er e nt s e n s or s i n -

si d e t h e I T e q ui p m e nt, al s o e a c h f a n wit hi n t h e s a m e I T e q ui p m e nt c o ul d 

h a v e it s o w n c o ntr ol al g orit h m. A c c or di n g t o t h e l e v el of t a s k c o m pl e xit y 

a n d t h e h u g e a m o u nt of c oll e ct e d d at a, m a c hi n e l e ar ni n g t e c h ni q u e s, 

s p e ci fl c all y r e gr e s si o n a n d f e at ur e s el e cti o n, w er e utili z e d i n b uil di n g 

f a n s p e e d pr e di cti o n m o d el s. T h e m o d el s w er e b uilt f or e a c h f a n i n t h e I T 

e q ui p m e nt at diff er e nt o p er ati n g c o n diti o n s.  

• M a c hi n e l e a r ni n g a p pli c ati o n 

M a c hi n e  l e ar ni n g  h el p s  e xtr a ct  v al u a bl e  i nf or m ati o n  a n d  a s s o ci a -

ti o n s  fr o m  m a s si v el y  l ar g e  a n d  c o m pl e x  d at a  ( bi g  d at a),  w hi c h  c a n 

pr o vi d e m e a ni n gf ul i n si g ht s a n d h el p m a k e criti c al d e ci si o n s. Pr o c e s si n g 

bi g d at a m a n u all y w o ul d b e i m pr a cti c al. T h er ef or e, t h e u s e of m a c hi n e 

l e ar ni n g  t e c h ni q u e s  t o  a ut o m at e  a n al yti c al  pr o c e s s e s  i s  e xtr e m el y 

Fi g. 2. S c h e m ati c of p o w er a n d h e at fi o w i n l e g a c y r ai s e d fl o or d at a c e nt er s [ 3 7 ] .  

Y. M. M a n as er h et al.                                                                                                                                                                                                                           
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i m p ort a nt a n d b e n e fl ci al [ 5 0 ] a s it s a v e s ti m e a n d r e d u c e s c o st s. M a -

c hi n e l e ar ni n g h el p s a n al y z e bi g d at a b y d e si g ni n g al g orit h m s t h at c a n 

l e ar n  p att er n s  a n d  r el ati o n s hi p s  i n  t h e  d at a  t o  m a k e  pr e di cti o n s  o n 

n e wl y  o bt ai n e d  d at a  b a s e d  o n  w h at  t h e  al g orit h m  h a s  l e ar nt. Fi g.  3 

d e pi ct s t h e o v er all a p pli c ati o n of m a c hi n e l e ar ni n g i n t hi s st u d y. 

I n  s u p er vi s e d  m a c hi n e  l e ar ni n g,  t h e  o ut p ut  v ari a bl e  ( d e p e n d e nt 

v ari a bl e) of r e c or d e d d at a i s pr o vi d e d a n d m a c hi n e l e ar ni n g al g orit h m s 

l e ar n h o w t o m a p i n p ut s (i n d e p e n d e nt v ari a bl e s) t o o ut p ut s. T hi s l e ar nt 

r el ati o n s hi p b et w e e n t h e i n p ut s a n d o ut p ut s i s c all e d a pr e di cti o n m o d el. 

T h er ei n,  a n  o b s er v ati o n  wit h  n o  k n o w n  o ut p ut  m a y  b e  f e d  i nt o  t h e 

m o d el a n d pr o d u c e a n o ut p ut b a s e d o n t h e r el ati o n s hi p s l e ar nt b y t h e 

al g orit h m. S u p er vi s e d m a c hi n e l e ar ni n g c a n b e br o k e n d o w n i nt o cl a s -

si fi c ati o n t a s k s a n d r e gr e s si o n t a s k s. T h e f or m er h a s a c at e g ori c al o ut p ut 

a n d t h e l att er h a s a c o nti n u o u s o ut p ut. A n e x a m pl e of a cl a s si fl c ati o n 

t a s k i n m a c hi n e l e ar ni n g i s b uil di n g a m o d el t o pr e di ct if t h e a m o u nt of 

air d eli v er e d t o a s er v er i s s uf fl ci e nt, w h er e t h e pr e di ct e d v ari a bl e w o ul d 

b e 0 or 1, r e pr e s e nti n g n o or y e s, r e s p e cti v el y. T hi s i s b a s e d o n pr e vi -

o u sl y r e c or d e d d at a w h er e t h e al g orit h m c a n l e ar n t o diff er e nti at e b e -

t w e e n s uf fi ci e nt air fl o w or i n s uf fl ci e nt air fi o w b a s e d o n f e at ur e s s u c h a s 

air t e m p er at ur e, C P U t e m p er at ur e, C P U utili z ati o n, et c. A n e x a m pl e of a 

r e gr e s si o n t a s k i s b uil di n g a m o d el t o pr e di ct t h e s p e e d of I T e q ui p m e nt 

f a n s,  a s  t h e  c a s e  of  t hi s  st u d y,  u si n g  gi v e n  f e at ur e s  s u c h  a s  t h o s e 

d e s cri b e d i n t h e cl a s si fl c ati o n t a s k. T h e o ut p ut f or t h e cl a s si fl c ati o n t a s k 

i s pr e s e nt e d a s a c at e g ori c al o ut p ut (i. e., 0 or 1), w h er e a s t h e r e gr e s si o n 

t a s k i s pr e s e nt e d a s c o nti n u o u s v al u e s ( e. g., 3 0 0 0 R P M).  

• A d o pt e d m a c hi n e l e a r ni n g e n s e m bl e 

R a n d o m f or e st ( R F) i s a m a c hi n e l e ar ni n g e n s e m bl e cr e at e d b y H o T K 

[ 5 1 ] f or cl a s si fi c ati o n a n d r e gr e s si o n t a s k s. It i s t h e m a c hi n e l e ar ni n g 

al g orit h m u s e d i n t hi s st u d y t o d e v el o p pr e di cti o n m o d el s f or t h e f a n s ’ 

s p e e d s.  E n s e m bl e  m o d el s  ar e  m ulti pl e  al g orit h mi c  s y st e m s  w h o s e  d e -

ci si o n s ar e c o m bi n e d t o i m pr o v e t h e p erf or m a n c e of t h e o v er all s y st e m 

[ 5 2 ] .  T o  o bt ai n  a  si n gl e  pr e di cti o n  fr o m  a n  e n s e m bl e  m a ki n g  u p  of 

s e v er al al g orit h m s, t w o m et h o d s ar e c o m m o nl y u s e d: v oti n g a n d a v er -

a gi n g. V oti n g i s u s e d i n cl a s si fi c ati o n w h er e t h e pr e di ct e d cl a s s of a n 

o b s er v ati o n i s c h o s e n fr o m t h e m aj orit y of t h e cl a s si fl er s ’ v ot e s t h at t h e 

e n s e m bl e i s c o m p o s e d of. H o w e v er, i n r e gr e s si o n, t h e a v er a g e o v er all 

t h e r e gr e s s or al g orit h m s’ pr e di cti o n s i s t a k e n a s t h e fl n al pr e di cti o n of 

t h e e n s e m bl e. I n t h e c a s e of R F, it c o n si st s of m a n y d e ci si o n tr e e s ( D T s) 

a n d  u s e s  t h e  b a g gi n g  t e c h ni q u e  t o  o v er c o m e  t h e  D T ’s  o v er fltti n g 

dr a w b a c k  b y  d e cr e a si n g  t h e  m o d el ’s  v ari a n c e  wit h o ut  i n cr e a si n g  t h e 

bi a s. D T i s a m a c hi n e l e ar ni n g al g orit h m m a d e u p of n o d e s a n d l e a v e s 

a n d c a n pr e di ct a n o ut p ut b y l e ar ni n g d e ci si o n r ul e s i nf err e d fr o m t h e 

d at a. T h e D T s i n R F ar e cr e at e d b y s el e cti n g s u b s et s of t h e tr ai ni n g d at a 

wit h  r e pl a c e m e nt,  a n d  e a c h  tr e e  c o n si st s  of  a  r a n d o m  s u b s a m pl e  of 

f e at ur e s. 

R F s  ar e  v er y  fl e xi bl e  a n d  p o w erf ul  e n s e m bl e s;  t h e y  h a v e  b e e n 

a d o pt e d  i n  m a n y  r e s e ar c h  fi el d s  i n cl u di n g  bi ol o gi c al  a n d  bi o m e di c al 

r e s e ar c h.  R e s e ar c h er s  t e n d  t o  u s e  e n s e m bl e s  i n  t h eir  st u di e s  b e c a u s e 

t h e y c o m bi n e t h e str e n gt h s of s e v er al al g orit h m s t o g et h er t o pr o d u c e 

s u p eri or r e s ult s. R F w a s c h o s e n b a s e d o n t h e u ni q u e w a y D T s w or k. D T 

g e n er at e s a pr e di cti o n b a s e d o n if- el s e r ul e s t h at ar e b uilt i n a hi er ar c h al 

or d er  of  f e at ur e  i m p ort a n c e,  u nli k e  m a n y  r e gr e s s or s,  s u c h  a s  li n e ar 

r e gr e s si o n,  w h er e  a  li n e  i s  fitt e d  t o  t h e  m o d el  a n d  t h e  pr e di cti o n  i s 

g e n er at e d fr o m t h e li n e ’s e q u ati o n. R F pr o vi d e s a w a y t o r a n k f e at ur e s 

b a s e d o n t h eir i m p ort a n c e. It c o n si st s of a n u m b er of D T s, w h er e e a c h D T 

i s b uilt o n a c o n diti o n m a d e o n a si n gl e f e at ur e a n d d e si g n e d t o s plit t h e 

d at a s et i nt o t w o s e p ar at e s et s wit h si mil ar r e s p o n s e s wit hi n. T h e f e at ur e s 

t h at ar e s el e ct e d f or t h e i nt er n al n o d e s ar e s el e ct e d b a s e d o n a m e a s ur e 

c all e d  i m p urit y.  I n  t h e  c a s e  of  r e gr e s si o n,  t h e  i m p urit y  m e a s ur e  i s 

v ari a n c e r e d u cti o n. D uri n g t h e tr ai ni n g p h a s e, e a c h f e at ur e i s m e a s ur e d 

b y h o w m u c h it c a n d e cr e a s e t h e i m p urit y i n a tr e e, w h er ei n t h e f e at ur e 

wit h t h e hi g h e st d e cr e a s e i s s el e ct e d f or t h e i nt er n al n o d e. T h e d e cr e a s e 

i n i m p urit y f or e a c h f e at ur e i s a v er a g e d f or all t h e tr e e s, a n d t h e a v er a g e s 

ar e t h e n r a n k e d a c c or di n g t o t hi s m e a s ur e. 

T h e R F al g orit h m h el p s s ol v e c o m pl e x pr o bl e m s d u e t o it s c a p a bilit y 

of  di s c o v eri n g  n o nli n e ar  r el ati o n s hi p s  i n  t h e  d at a  wit h o ut  st ati sti c al 

a s s u m pti o n s [ 5 3 ] . N u m er o u s st u di e s h a v e att e st e d t o it s p o w er s u c h a s 

[ 5 4 – 5 6 ] , a s w ell a s a c o m p ar ati v e st u d y b y J. Z h o u, X. Li, a n d H. S. Mitri 

[ 5 7 ] of t e n m a c hi n e l e ar ni n g al g orit h m s t o cl a s sif y r o c k b ur st e v e nt s i n 

w hi c h  R F  a c hi e v e d  t h e  hi g h e st  p erf or m a n c e.  Si n c e  R F  t a c kl e s  t h e 

pr o bl e m  of  o v er fitti n g,  a s  w ell  a s  b ei n g  a n  e n s e m bl e  a n d  pr e di cti n g 

b a s e d o n l e ar nt d e ci si o n r ul e s, it w a s a d o pt e d a s t h e m a c hi n e l e ar ni n g 

al g orit h m i n t hi s st u d y. Fi g. 4 s h o w s a n e x a m pl e of a R F al g orit h m wit h 

K D T s  i n  w hi c h  t h e  e n s e m bl e  g e n er at e s  a n  o v er all  pr e di cti o n  f or  a n 

u n k n o w n o b s er v ati o n. T h e R F r e gr e s s or ’s fi n al pr e di cti o n i s gi v e n i n t h e 

f oll o wi n g e q u ati o n: 

ŷ =
1

K

∑ K

k = 1

ŷ k ( 1)  

w h e r e ŷ i s t h e o v e r all pr e di cti o n of t h e R F, K i s t h e n u m b er of D T s t h at 

m a k e u p t h e R F, a n d ŷ k i s t h e p r e di cti o n f or tr e e k . Si n c e t h e R F r e gr e s s or 

Fi g. 3. A n ill u str ati o n of t h e o v er all a p pli c ati o n of m a c hi n e l e ar ni n g.  

Y. M. M a n as er h et al.                                                                                                                                                                                                                           
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i s a n e n s e m bl e, t h e fl n al pr e di cti o n i s gi v e n a s t h e a v er a g e of all pr e-

di cti o n s g e n er at e d fr o m t h e D T s.  

• T r ai ni n g a n d t e sti n g m a c hi n e l e a r ni n g al g o rit h m 

I n  m a c hi n e  l e ar ni n g,  t o  e v al u at e  a  m o d el,  t h e  al g orit h m  m u st  b e 

tr ai n e d o n a s u b s et of t h e d at a, c all e d t h e tr ai ni n g s et, a n d t h e n t e st e d o n 

a n ot h er s u b s et, c all e d t h e t e sti n g s et. T h e tr ai ni n g p h a s e of t h e al g orit h m 

i s w h e n it l e ar n s h o w t o m a p t h e i n p ut s t o t h e o ut p ut s a n d l e ar n s t h e 

r el ati o n s hi p s a n d p att er n s i n t h e d at a. Aft er t h e tr ai n e d m o d el i s cr e at e d, 

it n e e d s t o b e t e st e d a n d v ali d at e d o n a p art of t h e d at a t h at w a s n ot 

i n v ol v e d i n tr ai ni n g t o pr e v e nt o v er fitti n g a n d i m pr o v e m o d el g e n er al-

i z ati o n. T h e m o d el n e e d s t o b e g e n er ali z e d t o pr e di ct o b s er v ati o n s n ot 

s e e n d uri n g tr ai ni n g t o all o w r e al- w orl d a p pli c ati o n s. T h er ef or e, aft er 

t h e m a c hi n e l e ar ni n g m o d el i s cr e at e d, it i s v ali d at e d o n a t e sti n g s et a n d 

t h e  m o d el’s  pr e di cti o n  c a p a biliti e s  ar e  m e a s ur e d  u si n g  p erf or m a n c e 

m etri c s.  C o m m o nl y  u s e d  p erf or m a n c e  m etri c s  f or  cl a s si fl c ati o n  t a s k s 

i n cl u d e a c c ur a c y, ar e a u n d er t h e r e c ei v er o p er ati n g c h ar a ct eri sti c ( R O C) 

c ur v e ( A U C), s e n siti vit y, a n d s p e ci fl cit y; a n d f or r e gr e s si o n t a s k s, m et -

ri c s  s u c h  a s  t h e R 2 c o ef fi ci e nt,  r o ot  m e a n  s q u ar e d  err or  ( R M S E),  a n d 

m e a n a b s ol ut e err or ( M A E) ar e c o m m o nl y u s e d. 

S plitti n g t h e d at a s et i nt o tr ai ni n g a n d t e sti n g s u b s et s i s o n e of t h e 

m o st  wi d el y  u s e d  m et h o d s  t o  a v oi d  o v er fltti n g  a n d  i m pr o v e  m o d el 

g e n er ali z ati o n. T hi s m et h o d i s c all e d t h e h ol d o ut m et h o d. T h er ei n, t h e 

tr ai ni n g s et c o n si st s of 7 0– 8 0 % of t h e d at a s et w hil e t h e t e sti n g s et h ol d s 

t h e r e st. A tr ai ni n g s et wit h 8 0 % of t h e d at a a n d a t e sti n g s et wit h t h e 

r e m ai ni n g  2 0 %  i s  c all e d  a n  8 0 – 2 0  s plit.  T h e  tr ai ni n g  s et  s h o ul d  b e 

si g ni fl c a ntl y l ar g er t h a n t h e t e sti n g s et b e c a u s e t h e m o d el n e e d s m or e 

d at a t o l e ar n t h e r el ati o n s hi p s b et w e e n t h e i n p ut s a n d o ut p ut s. H o w e v er, 

i n c a s e s w h er e t h e a m o u nt of d at a pr o vi d e d i s i n s uf fi ci e nt, l e a v e- o n e- o ut 

cr o s s- v ali d ati o n  c a n  b e  a p pli e d.  It  i s  w h er e  e a c h  o b s er v ati o n  i n  t h e 

d at a s et wit h N o b s er v ati o n s i s t e st e d s e p ar at el y. T h e tr ai ni n g s et c o n si st s 

of N − 1 o b s er v ati o n s, a n d t h e m o d el i s t h e n t e st e d o n t h e o n e l eft- o ut 

o b s er v ati o n  b y  g e n er ati n g  a  pr e di cti o n.  T hi s  pr o c e d ur e  i s  r e p e at e d N 

ti m e s, i n w hi c h e a c h o b s er v ati o n i s t e st e d o n c e a n d tr ai n e d N − 1 ti m e s, 

t h u s,  a  t ot al  of N m o d el s  i s  tr ai n e d  a n d  t e st e d.  T h e  fl n al  a c c ur a c y  i s 

c o m p ut e d a s t h e a v er a g e a c c ur a c y f or all N m o d el s. I n m a c hi n e l e ar ni n g, 

a m or e r o b u st a p pr o a c h i s f a v or e d o v er t h e h ol d o ut m et h o d, w hi c h i s 

c all e d  t h e k -f ol d  cr o s s- v ali d ati o n  m et h o d.  T o  e n s ur e  r o b u st n e s s  a n d 

r e d u c e bi a s, t h e d at a s et i s p artiti o n e d i nt o k f ol d s w h er e k m o d el s ar e 

cr e at e d, a n d t h e n e a c h m o d el i s tr ai n e d o n k − 1 p artiti o n s a n d t e st e d o n 

o n e. Fi g. 5 d e m o n str at e s h o w k -f ol d cr o s s- v ali d ati o n w or k s w h e n k =

1 0. T h e o v er all p erf or m a n c e i s t a k e n a s t h e a v er a g e a cr o s s all f ol d s a n d 

i s s h o w n i n e q u ati o n. 2, w h er e R 2 i s t h e o v e r all c o ef fl ci e nt of d et er mi-

n ati o n, K i s t h e n u m b er of f ol d s, a n d R 2
k i s t h e c o ef fi ci e nt of d et er mi-

n ati o n f or f ol d k . 

R 2 =
1

K

∑ K

k = 1

R 2
k ( 2)  

2. 3.  N u m eri c al m o d el  

• I T e q ui p m e nt d e s c ri pti o n 

I n t hi s st u d y, t h e c o m p a ct m o d el i s d e v el o p e d f or o nl y a pi e c e of I T 

e q ui p m e nt a s a c a s e st u d y. T h u s, a d et ail e d m o d el of t h e c o n si d er e d I T 

e q ui p m e nt  i s  b uilt  a n d  si m ul at e d. Fi g.  6 d e pi ct s  t h e  I T  e q ui p m e nt 

st u di e d i n t hi s w or k. T h e di m e n si o n s s h o w e d i n Fi g. 6 ( c), ar e pr o vi d e d 

i n T a bl e  1 al o n g  wit h  ot h er  g e o m etri c al  p ar a m et er s.  T h e  s el e ct e d  I T 

e q ui p m e nt c o n si st s m ai nl y of t w o C P U s, si x f a n s, t w el v e R A M s, a p o w er 

s u p pl y, a n d f o ur h ar d di s k dri v e s. T h e h ar d di s k dri v e s ar e l o c at e d at t h e 

I T e q ui p m e nt i nl et, w hil e t h e f a n s ar e i n st all e d i n t h e mi d dl e of t h e I T 

e q ui p m e nt c h a s si s. A s s h o w n i n Fi g. 6 , fi v e of t h e f a n s ar e all o c at e d t o 

c o ol t h e C P U s a n d t h e R A M s, w hil e t h e l a st f a n i s a s si g n e d t o c o ol t h e 

p o w er s u p pl y b o ar d a n d t h e p o w er s u p pl y it s elf.  

• G o v e r ni n g e q u ati o n s a n d t u r b ul e n c e m o d el 

Si m ul ati o n s  ar e  c arri e d  o ut  u si n g  t h e  c o m m er ci all y  a v ail a bl e  C F D 

p a c k a g e of 6 Si g m a E T ® . T h e s ol uti o n g o v er ni n g e q u ati o n s ar e gi v e n a s 

f oll o w s: 

∂ ρ

∂ t
+

∂ (ρ u i)

∂ x i

= 0 ( 3)  

∂ (ρ u i)

∂ t
+

∂
(
ρ u iu j

)

∂ x j

=  −
∂ P

∂ x i

+
∂ τ ij

∂ x j

+ F i ( 4)  

Fi g. 4. A R F al g orit h m wit h K D T s pr o d u ci n g o n e o v er all pr e di cti o n ŷ .

Fi g. 5. A n ill u str ati o n of 1 0-f ol d cr o s s- v ali d ati o n.  
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∂ (ρ E )

∂ t
+

∂ (u m (ρ E + P ))

∂ x m

=
∂

∂ x j

(

k eff

∂ T

∂ x j

)

+ Φ + S ( 5) 

k -ε t ur b ul e n c e m o d el i s a d o pt e d f or si m ul ati n g t h e fl o w fi el d t hr o u g h 

c o u pli n g t h e c o n s er v ati o n of m a s s, m o m e nt u m, a n d e n er g y g o v er ni n g 

e q u ati o n s wit h R A N S e q u ati o n s. T h e s el e cti o n of k -ε R A N S m o d el w a s 

a c c or di n g t o t h e c a p a biliti e s a n d r eli a bilit y t h e s e m o d el s h a v e s h o w n i n 

m o d eli n g  diff er e nt  c o m p o n e nt s  i n  d at a  c e nt er s [ 1 8, 5 8 – 6 2 ] .  E v e n  f or 

f a n s, w hi c h e x hi bit s c o m pl e x i nt er n al fl o w d y n a mi c s i n cl u di n g m ulti pl e 

v orti c e s, k -ε R A N S  s h o w e d  si g ni fl c a ntl y  hi g h  a c c ur a c y  w h e n  a p pli e d 

[ 6 3 – 6 7 ] . T h e st a n d ar d k -ε t ur b ul e n c e m o d el g o v er ni n g e q u ati o n s w hi c h 

w er e  u s e d  f or  c al c ul ati n g  t h e  t ur b ul e nt  ki n eti c  e n er g y k ,  t h e  r at e  of 

di s si p ati o n of t h e t ur b ul e nt ki n eti c e n er g y ε , a n d t ur b ul e nt vi s c o sit y ar e 

[ 6 8 – 7 0 ] : 

∂ (ρ k )

∂ t
+

∂ (ρ k u i)

∂ x i

=
∂

∂ x j

[ (

μ +
μ t

σ k

)
∂ k

∂ x j

]

+ G k + G b − ρ ε − Y M + S K ( 6)  

∂ (ρ ε )

∂ t
+

∂ (ρ ε u i)

∂ x i

=
∂

∂ x j

[ (

μ +
μ t

σ ε

)
∂ ε

∂ x j

]

+ C 1 ε
ε

k
(G k + C 3 ε G b )  − ρ C 2 ε

ε 2

k
+ S ε

( 7)  

μ t = ρ C μ
k 2

ε
( 8) 

F o r t h e c o n st a nt s C 1 ε , C 2 ε , a n d C μ , t h e st a n d a r d v al u e s w er e a d o pt e d 

w hil e  c o n d u cti n g  t h e  si m ul ati o n.  T h e  c orr e s p o n di n g  v al u e s  f or  t h e s e 

c o n st a nt s ar e 1. 4 4, 1. 9 2, a n d 0. 0 9, r e s p e cti v el y. Wit h r e g ar d s t o w all 

tr e at m e nt,  t h e  st a n d ar d k -ε i s  u s e d  wit h t h e  st a n d ar d  w all tr e at m e nt, 

w hi c h i m pli e s t h at t h e n e ar- w all gri d li e s wit hi n t h e l o g arit h mi c r e gi o n. 

T hi s  i s  f e a si bl e  si n c e y + li e s  wit hi n  t h e  r a n g e  3 0 < y + l e s s  t h a n  3 0 0, 

Fi g. 6. C A D dr a wi n g of t h e I T e q ui p m e nt i n v e sti g at e d i n t hi s st u d y.  

T a bl e 1 

I T e q ui p m e nt g e o m etri c al p ar a m et er s.  

P ar a m et er V al u e  P ar a m et er V al u e 

C h a s si s h ei g ht, wi dt h, l e n gt h 

( m m) 

8 9, 4 4 0, 

6 1 5 

Di st a n c e t o H D D s d 2 

( m m) 

3 8 

F a n s h ei g ht, wi dt h, l e n gt h ( m m)  6 0, 6 0, 5 0  Di st a n c e t o R A M s d 3 

( m m) 

3 2 2 

F a n s h u b di a m et er ( m m)  3 6 Di st a n c e t o C P U 1 d 4 

( m m) 

3 6 1 

H D D s h ei g ht, wi dt h, l e n gt h 

( m m) 

2 4, 1 0 1, 

1 4 7 

Di st a n c e t o R A M s d 5 

( m m) 

3 0 0 

C P U s h ei g ht, wi dt h, l e n gt h ( m m)  4, 3 7, 3 7  Di st a n c e t o C P U 2 d 6 

( m m) 

3 3 8 

H e at si n k b a s e h ei g ht, wi dt h, 

l e n gt h ( m m) 

3. 5, 7 9. 3, 

9 9. 5 

Di st a n c e t o f a n s d 7 

( m m) 

1 6 0 

Fi n s h ei g ht, wi dt h, l e n gt h ( m m)  1 9, 0. 5, 

9 9. 5 

Di st a n c e t o R A M s d 8 

( m m) 

1 3 4 

Fi n s n u m b er p er h e at si n k  4 0 Di st a n c e t o C P U 1 d 9 

( m m) 

2 2 4 

P S U h ei g ht, wi dt h, l e n gt h ( m m)  4 0, 8 8, 1 9 5  Di st a n c e t o R A M s d 1 0 

( m m) 

2 8 2 

R A M s h ei g ht, wi dt h, l e n gt h 

( m m) 

1 0, 6, 1 3 3  Di st a n c e t o C P U 2 d 1 1 

( m m) 

3 5 8 

Di st a n c e t o p o w er s u p pl y d 1 

( m m) 

4 2 0    

Y. M. M a n as er h et al.                                                                                                                                                                                                                           
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w h er e y + i s a di m e n si o nl e s s p ar a m et er i n di c ati n g t h e w all c o or di n at e, 

y + = y u τ

ν , u τ =
̅̅ ̅̅ ̅̅ ̅̅ ̅̅
τ w / ρ

√
. y i s t h e di st a n c e b et w e e n t h e n e ar- w all gri d a n d 

t h e w all [ 7 1 ] , u τ r e p r e s e nt s t h e fri cti o n v el o cit y, a n d τ w d o n at e s t h e w all 

s h e ar str e s s. 

T h e f oll o wi n g a s s u m pti o n s ar e m a d e w hil e c o n d u cti n g t h e si m ul a -

ti o n s:  air  i s  i n c o m pr e s si bl e  a n d  h a s  c o n st a nt  pr o p erti e s,  st e a d y  st at e 

c o n diti o n s  ar e  m ai nt ai n e d,  a n d  t h e  i m p a ct s  of  w all  r o u g h n e s s  a n d 

gr a vit y ar e n e gli gi bl e. T h e d et ail e d C F D m o d el a n d t h e b o u n d ar y c o n -

diti o n s  t h at  ar e  i m pl e m e nt e d  t o  r e pli c at e  t h e  t e st  e n vir o n m e nt  ar e 

s h o w n i n Fi g. 7 .  

• G ri d g e n e r ati o n 

I n a n y C F D m o d el, gri d g e n er ati o n pl a y s a n i nt e gr al r ol e i n g o v er ni n g 

t h e  r e s ult s  a c c ur a c y.  I n  t hi s  w or k,  a  h e x  str u ct ur e d  m e s h  h a s  b e e n 

a d o pt e d w hil e r u n ni n g C F D si m ul ati o n s, si n c e u si n g fl o w ali g n e d c u bi c 

h e x c ell s g u ar a nt e e s a hi g h gri d q u alit y a n d eli mi n at e s t h e a s p e ct r ati o 

a n d s k e w n e s s i s s u e s of t etr a h e dr al m e s h [ 7 2 ] . T h e gri d i s b uilt i n a w a y 

t h at m or e c ell s ar e c o n si d er e d i n si d e t h e I T e q ui p m e nt w hil e k e e pi n g a 

l o w er n u m b er of gri d s o ut si d e t h e I T e q ui p m e nt. Aft er t h at, a gri d i n-

d e p e n d e n c e  st u d y  i s  e x e c ut e d  t o  i d e ntif y  t h e  a p pr o pri at e  n u m b er  of 

gri d s at w hi c h f urt h er i n cr e a si n g i n c ell s n u m b er s will c a u s e mi ni m al 

c h a n g e i n t h e r e s ult s. Fi g. 8 s h o w s t h e gri d i n d e p e n d e n c e st u d y al o n g 

wit h t h e g e n er at e d gri d s. A c c or di n gl y, t h e n u m b er of gri d s a d o pt e d t o 

c o n d u ct all a n al y si s i n t hi s w or k i s 1 5. 4 milli o n. 

2. 4.  D e v el o p r e gr essi o n f u n cti o ns. 

A s a fi n al st e p i n d e v el o pi n g t h e c o m p a ct m o d el, s e v er al f u n cti o n s 

ar e  d eri v e d  t o  d e s cri b e  t h e  o v er all  I T  e q ui p m e nt  p erf or m a n c e.  T h e s e 

f u n cti o n s, w hi c h r e pr e s e nt t h e I T e q ui p m e nt c o m p a ct m o d el, ar e u s e d t o 

d e s cri b e  t h e  r el ati o n s hi p  b et w e e n  t h e  d e p e n d e nt  v ari a bl e s  (r e s p o n s e 

p ar a m et er s: I T e q ui p m e nt p o w er, fl o wr at e, a n d O A T) a n d t h e i n d e p e n -

d e nt  v ari a bl e s  ( o p er ati n g  c o n diti o n s:  C P U  utili z ati o n  a n d  S A T). 

C h o o si n g t h e c orr e ct r e gr e s si o n m o d el c a n b e dif fl c ult, s e ei n g a s t h er e 

ar e  m a n y  r e gr e s si o n  m o d el s  t h at  c a n  b e  u s e d.  T h er ef or e,  m ulti pl e 

r e gr e s si o n f u n cti o n s c a n b e d e v el o p e d wit h diff er e nt st ati sti c al m o d el s 

d e p e n di n g  o n  t h e  r el e v a nt  d at a  tr e n d s.  T h er e aft er,  t h e  d at a  c a n  b e 

v ali d at e d  u si n g  st ati sti c al  m e a s ur e m e nt s  a n d  t h e  b e st  m o d el  c a n  b e 

s el e ct e d a c c or di n gl y. 

3.  E x p e ri m e nt al s et u p. 

T h e e x p eri m e nt al s et u p w a s d e si g n e d t o c o ntr ol t h e i n p ut p ar a m e -

t er s, n a m el y i nl et air t e m p er at ur e a n d C P U utili z ati o n, a n d t o m e a s ur e 

t h e r e s p o n s e p ar a m et er s, w hi c h w er e a v er a g e o utl et air t e m p er at ur e a n d 

v el o cit y T h e r o o m t e m p er at ur e w a s a dj u st e d b y c o ntr olli n g t h e s u p pl y 

air  t e m p er at ur e  of  t h e  c o oli n g  u nit s.  T hr e e  t e m p er at ur e  s e n s or s  w er e 

i n st all e d at t h e I T e q ui p m e nt i nl et t o m e a s ur e t h e I T e q ui p m e nt i nl et 

t e m p er at ur e, w hil e 3 0 v el o cit y a n d t e m p er at ur e s e n s or s w er e i n st all e d 

at t h e I T e q ui p m e nt e x h a u st. F urt h er d et ail s of t h e i n str u m e nt ati o n ar e 

pr o vi d e d i n T a bl e 2 . 

Fir st,  t h e  e x p eri m e nt al  s et u p  w a s  u s e d  t o  v ali d at e  t h e  C F D  m o d el 

(Fi g. 9 ). T h e n, it w a s u s e d t o t e st t h e c o m p a ct m o d el r e s ult s. T o o bt ai n a n 

o bj e cti v e  c o m p ari s o n  of  t h e  n u m eri c al  a n d  e x p eri m e nt al  r e s ult s,  t h e 

pr e ci s e  X- Y c o or di n at e s of  t h e s e n s or s w er e m e a s ur e d i n  t h e p h y si c al 

s et u p a n d t h e n r e pli c at e d i n t h e C F D m o d el. Y et it i s still h ar d t o c a pt ur e 

t h e  pr e ci s e  s p ati al  l o c ati o n  of  t h e  s e n s or  d u e  t o  t h e  g e o m etr y  of  t h e 

s e n s or a s ill u str at e d i n Fi g. 9 ( c). E v e n t h o u g h t h e diff er e n c e s i n s p ati al 

l o c ati o n s  w er e  r el ati v el y  s m all,  t h e y  f or m e d  a  c o n si d er a bl e  s o ur c e  of 

err or i n t h e r e s ult s. T h er ef or e, t o r e d u c e t h e i m p a ct of s p ati al l o c ati o n 

err or, a d u ct w a s att a c h e d t o t h e I T e x h a u st t h at t o o k m e a s ur e m e nt s at 

v ari o u s di st a n c e s fr o m t h e I T e q ui p m e nt ( Fi g. 9 ( d)). A n i d e nti c al si z e 

d u ct w a s b uilt a n d att a c h e d t o I T e q ui p m e nt e x h a u st i n t h e C F D m o d el. 

Pri m ar y r e s ult s s h o w e d t h at 0. 2 m w a s e n o u g h di st a n c e t o mi ni mi z e t h e 

err or t h at ar o s e fr o m t h e l o c ati o n di s cr e p a n c y. Aft er t h at, e x p eri m e nt s 

w er e p erf or m e d at a wi d e r a n g e of C P U utili z ati o n s (i dli n g- 1 0 0) % a n d 

i nl et air t e m p er at ur e s ( 1 8– 3 3) ◦ C. 

T h e m ai n o bj e cti v e f or c o n d u cti n g t h e e x p eri m e nt i s t o g e n er at e a s et 

of e x p eri m e nt al r e s ult s t o b e utili z e d i n e v al u ati n g t h e C F D m o d el a n d 

t h e r e gr e s si o n m o d el. T h e e x p eri m e nt al m e a s ur e m e nt s w er e r e c or d e d 

f or t h e I T e q ui p m e nt i n t h e D C at diff er e nt o p er ati n g c o n diti o n s. Aft er 

t h at, t h e C F D m o d el a n d t h e c o m p a ct m o d el w er e t e st e d at t h e e x a ct 

s a m e  o p er ati n g  c o n diti o n s a s  i n  t h e  e x p eri m e nt  t o a s s e s s  t h e  m o d el s. 

H o w e v er,  it  i s  n ot  m a n d at or y  f or  t h e  pr o c e s s  of  d e v el o pi n g  t h e  C F D 

m o d el or t h e c o m p a ct m o d el i n t hi s pr e s e nt e d a p pr o a c h. O wi n g t o t h e 

f a ct  t h at  n u m eri c al  t e c h ni q u e s  h a v e  m a nif e st e d  it s  vi a bilit y  i n  a 

n u m er o u s n u m b er of a p pli c ati o n s f or e x a m pl e [ 7 3 – 7 7 ] . Ot h er t h a n t hi s, 

c o st, e q ui p m e nt a v ail a bilit y, ti m e a n d eff ort s c a n b e c o n si d er e d a s vit al 

c o n str ai nt s f or p erf or mi n g e x p eri m e nt al v eri fi c ati o n s. 

4.  R e s ult s a n d di s c u s si o n 

4. 1. P o w er c o ns u m pti o n a n d f a n s p e e d pr e di cti o n m o d els  

• P o w e r c o n s u m pti o n 

L e g e n d  
C o nst a nt  i nl et pr ess ur e,  c o nst a nt a m bi e nt  t em p er at ur e . 

A di a b ati c  w alls . 

C o nst a nt  o utl et  pr ess ur e,  c o nst a nt a m bi e nt  t em p er at ur e . 

Fi g. 7. D et ail e d C F D m o d el a n d t h e b o u n d ar y c o n diti o n s u s e d i n si m ul ati o n s.  

Fi g. 8. Gri d s e n siti vit y a n al y si s.  

T a bl e 2 

D et ail s of i n str u m e nt ati o n u s e d i n t h e e x p eri m e nt al s et u p.  

I n st r u m e nt S p e ci fl c ati o n s 

Air fl o w t e st c h a m b er  D e si g n e d i n a c c or d a n c e wit h t h e air m o v e m e nt a n d 

c o ntr ol a s s o ci ati o n ( A M C A) 2 1 0 – 9 9 st a n d ar d s. 

V el o cit y a n d 

t e m p er at ur e s e n s or s 

D e gr e e C U A S 1 2 0 0 L P ( v el o cit y s e n s or a c c ur a c y: ± 3 % of 

r e a di n g, t h er mi st or a c c ur a c y ± 1 ◦ C). 

D A Q D e gr e e C A T M 2 4 0 0  
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1 0

I n  t h e  lit er at ur e,  t h er e  ar e  t w o  m ai n  p o w er  c o n s u m pti o n  m o d el s 

i ntr o d u c e d,  w hi c h  ar e  t h e  a d diti v e  m o d el  a n d  t h e  b a s eli n e / a cti v e 

m o d el.  T h e  a d diti v e  m o d el  c o n si d er s  t h e  p o w er  c o ntri b uti o n s  of  all 

c o m p o n e nt s, w h er ei n e a c h c o m p o n e nt h a s it s o w n p o w er c o n s u m pti o n 

m o d el [ 7 8, 7 9 ] . O n t h e ot h er h a n d, t h e b a s eli n e / a cti v e m o d el a s s u m e s 

t h at  all  c o m p o n e nt s  ar e  i n d e p e n d e nt  of  t h e  I T  e q ui p m e nt  utili z ati o n 

e x c e pt t h e C P U s [ 8 0, 8 1 ] . 

T h e p o w er c o n s u m pti o n m o d el d e v el o p e d i n t hi s w or k r e pr e s e nt s a 

c o m bi n ati o n of t h e s e t w o m o d el s, si n c e t h e o v er all I T e q ui p m e nt p o w er 

c o n s u m pti o n w a s e sti m at e d u p o n t h e C P U utili z ati o n. T h e c orr el ati o n 

b et w e e n t h e C P U utili z ati o n a n d t h e C P U p o w er c o n s u m pti o n, a s w ell a s 

t h e  t ot al  I T  e q ui p m e nt  p o w er  c o n s u m pti o n  i s  s h o w n  i n Fi g.  1 0 .  T o 

o p er at e t h e I T e q ui p m e nt at diff er e nt p o w er l e v el s, Pri m e 9 5 s oft w ar e 

t h at c al c ul at e s n e w M er s e n n e pri m e n u m b er s w a s a d o pt e d. T h e s oft w ar e 

u s e s t h e e q u ati o n M p = 2 p − 1 t o c al c ul at e t h e M er s e n n e pri m e n u m b er, 

w h er e p h er e d e n ot e s pri m e n u m b er. T o r u n t h e I T e q ui p m e nt at a st e a d y 

l o a d,  a  f e at ur e c all e d “ T ort ur e T e st ” i n t hi s  s oft w ar e w a s  u s e d,  w hil e 

c h a n gi n g t h e I T e q ui p m e nt utili z ati o n i s d o n e b y c h a n gi n g t h e w or k er s ’ 

Fi g. 9. E x p eri m e nt al s et u p u s e d f or v erif yi n g r e s ult s. ( a) fl o w c h a m b er ( b) t e m p er at ur e a n d v el o cit y s e n s or ( c) s e n s or s i n st all m e nt ( d) fi o w d u ct.  

Fi g. 1 0. R el ati o n s hi p b et w e e n t h e C P U utili z ati o n a n d t h e p o w er c o n s u m pti o n.  
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1 1

n u m b er, a s e v er y w or k er e n s ur e f ull utili z ati o n of a si n gl e c or e. Fi g. 1 0 

s h o w s t h at t h e diff er e n c e b et w e e n t h e si n gl e C P U p o w er c o n s u m pti o n 

a n d t h e t ot al I T e q ui p m e nt p o w er i s i n cr e a si n g wit h i n cr e a si n g t h e C P U 

utili z ati o n, w hi c h m e a n s t h at t h e C P U utili z ati o n i s al s o aff e cti n g ot h er 

I T e q ui p m e nt c o m p o n e nt s’ p o w er c o n s u m pti o n. 

It c a n b e al s o n ot e d fr o m Fi g. 1 0 t h at t h e c orr el ati o n b et w e e n C P U 

utili z ati o n a n d p o w er c o n s u m pti o n i s n o nli n e ar. H o w e v er, s u c h c orr e -

l ati o n s c a n b e dir e ctl y e xtr a ct e d a n d fltt e d wit h a t hir d or d er p ol y n o mi al 

fr o m t h e I P MI d at a a s f oll o w s:   

Fi n all y,  b e si d e s  u si n g  t hi s  c orr el ati o n  f or  e sti m ati n g  t h e  I T  e q ui p -

m e nt  p o w er  c o n s u m pti o n,  it  w a s  al s o  u s e d  f or  d e v el o pi n g  t h e  ot h er 

f e at ur e s i n t h e c o m p a ct m o d el. T hi s c orr el ati o n w a s u s e d t o pr e di ct t h e 

t ot al  h e at  di s si p at e d  b y  t h e  I T  e q ui p m e nt  a n d  t h e  c o n s e q u e nti al  I T 

e q ui p m e nt fi o wr at e r e q uir e m e nt. 

Fi g. 1 1. F e at ur e i m p a ct w ei g ht o n f a n s r ot ati o n al s p e e d. ( a) F a n 1 ( b) F a n 2 ( c) F a n 3 ( d) F a n 4 ( e) F a n 5 (f) F a n 6.  

C P U P o w er = 9 .5 × 1 0 − 5 Utiliz ati o n 3 − 0 .0 2 0 4 Utiliz ati o n 2 + 1 .4 6 6 2 Utiliz ati o n + 1 0 .5 5 4 ( 9)  

I T e q ui p m e nt P o w er = 0 .0 0 0 2 Utiliz ati o n 3 − 0 .0 4 6 2 Utiliz ati o n 2 + 3 .7 0 9 1 Utiliz ati o n + 3 1 .0 1 3 ( 1 0)   
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Fan speed prediction models 

Notably, fan speed is critical for calculating the IT equipment airflow 
demand. Yet, fans themselves can have different control algorithms. 
Therefore, machine learning techniques were used to develop models 
that can predict the speed of fans individually. The machine learning 
algorithm is integrated with the CFD model, where the machine learning 
prediction is used as an input to the CFD model to develop a dynamic 
CFD model that can predict the performance of the IT equipment at 
different operating conditions. After that, a compact model (regression 
model) was extracted from this dynamic CFD model. 

As mentioned earlier, RF provides a way to rank features based on 
their importance, because of this, RF s are also used as a feature selec
tion method. The features ranked by the RF algorithm that impact the 
fan speed are illustrated in Fig. 11. The RF hyperparameters used 
throughout this study are as following: each RF consisted of 50 DTs, the 
maximum number of features considered when looking for the best split 
was six, the minimum number of samples required to split an internal 
node was set to two, and the maximum depth of each tree was set to 
none so that nodes are expanded until all leaves contain less than the 
minimum number of samples set, which is two. 

Based on Fig. 11, the feature selection results showed that the most 
relevant contributor to all fans was the SAT. According to the similarity 
in the feature weight order, it was observed that there were two main fan 
control algorithms within the IT equipment. One was for fans 1, 4, 5, and 
6; the second was for fans 2 and 3. The similarity was not only in the 
feature weight order, but also in the weight contribution. Fans 1, 4, 5, 
and 6 were mainly controlled by the SAT, while the rest of the features 
had minimal contribution. Meanwhile, fans 2 and 3 have a second major 
contributor beside the SAT, which was the total IT equipment power. 
This conclusion that multiple fans within the same IT equipment could 
have multiple fan control algorithm was confirmed by a server vendor 
company. 

Some of the features used for developing the prediction models are 
not reported by all IT equipment. Additionally, some of the highly 
correlated or redundant features must be excluded from the model. For 
highly correlated features, having two or more independent variables 
(features) that are highly correlated with each other and share almost 
the same information, this is a phenomenon in statistics called multi
collinearity. When present, multicollinearity can cause the estimate of 
one variable s impact on the dependent variable while controlling for 
the others tends to be less precise than if the independent variables were 
uncorrelated with one another. A commonly used way to address this 
issue is that only one of the highly correlated features needs to remain, 
while the rest are removed. Regarding redundant features, some data
sets may include features that have little to no significance impact on the 
output and removing them may decrease the model s complexity and 
increase its performance and accuracy. 

For these reasons, the number of features used in the fan speed 
prediction models were reduced. Feature reduction was carried out 
while considering the CFD boundary conditions as these data should be 
available to run the model. Initially, the prediction model was modified 
to predict the fan speed using the SAT, CPU utilization, and CPU power. 
After that, the model was customized to predict the fan speed based on 
just the SAT and CPU utilization. A total of three different models were 
developed, Model 1 considered all the features that remained after 
removing highly correlated and redundant features; Model 2 used the 
features SAT, CPU utilization, and CPU power; and Model 3 used the 
features SAT and CPU utilization. To evaluate their reliabilities, the R2 

performance measure was used, and 10-fold cross validation was done 
across all runs, where, as previously mentioned, training is carried out 
on nine folds and tested on the remaining fold, and this is repeated ten 
times, so that each fold is trained nine times and tested once. The 
average performance across all folds is taken. In addition, a validation 
set that was not used in the training phase of the models was used to 

validate the performances of feature selection and predictions. In 
regression problems, the most common performance metric for evalu
ating a machine learning model is the R2 coefficient. The R2 coefficient, 
also called the coefficient of determination, indicates the proportion of 
variance in the dependent variable that is predictable from the inde
pendent variables. It is a statistical measure of the goodness of fit of a 
model and is calculated using the following equation: 

(11)  

Where yi is the true output value of observation i, yi is the predicted 
value of observation i, and y is the average value of the dependent 
variable y. Generally, the closer R2 value to unity, the better the model 
accuracy, and when R2 1, it indicates that the regression model fits 
perfectly and explains all variance. For model 1, the calculated R2 co
efficients revealed that the fan speed predictions fit almost perfectly to 
the experimental data. The lowest R2 was found to be 0.957, belonging 
to fan 4, while the highest was 0.985, belonging to fans 2 and 3. The 
lowest calculated R2 value drops down to 0.77 when only two features 
were considered. R2 values for the six fans that were obtained using the 
three prediction models are summarized in Table 3. 

Table 3 shows that reducing the number of inputs for the fan speed 
prediction model decreased its prediction ability. Nonetheless, Model 2 
showed an impressive performance since its lowest calculated R2 value 
of all the fans was 0.84. In Model 3, when the CPU power was dis
regarded, the model s predictive ability deteriorated considerably and 
the lowest calculated R2 value dropped to 0.77. Table 3 also shows that 
fans reacted differently when the number of inputs was reduced. This 
agrees with what was concluded from Fig. 11 that the fans have various 
control algorithms. 

To further demonstrate RF s capability, its performance was 
compared with linear regression, lasso regression, support vector ma
chine (SVM) with a linear kernel, and a SVM with a radial basis function 
(RBF) kernel. The R2 for the different algorithms on Model 1 is shown in 
Table 4, where the RF achieved the highest performance for all fans. 

As mentioned earlier, not all IT equipment reports the same features. 
Hence, in order to generalize the proposed approach and to facilitate 
adopting in building compact models for various IT equipment, a ma
chine learning prediction model that predicts the fan speed using com
mon features which are reported by different IT equipment should be 
considered. Accordingly, and since that Model 2 provided high R2 values 
while considering only three features (SAT, CPU utilization, and CPU 
power), it was chosen to conduct investigations in the remainder of this 
study. 

4.2. CFD results 

After the power dissipation and fan speed prediction models were 
developed, their results were incorporated into the CFD model. By doing 
so, it was expected that the CFD model would replicate the IT equip
ment s performance at off-design conditions. For validation the CFD 
model was tested against the experimental results considering different 
cases. These cases were selected to cover a wide range of the IT equip
ment s operating conditions, as shown in Table 5. The corresponding 
predicted and experimental values of the fans speeds for these cases are 

Table 3 
Calculated R2 for different fans speed prediction models.  

Model R2 Fan 1 R2 Fan 2 R2 Fan 3 R2 Fan 4 R2 Fan 5 R2 Fan 6 

Model 1  0.959  0.985  0.985  0.957  0.960  0.958 
Model 2  0.842  0.947  0.947  0.843  0.851  0.840 
Model 3  0.772  0.924  0.923  0.775  0.785  0.770  
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shown in Table 6. 
The fan speed model showed an impressive prediction ability, seeing 

as the maximum absolute error was found to be less than 12%, as pro
vided in Table 6. The impact of the 11.9% discrepancy between the 
experimental and predicted fan speeds on the overall mode accuracy is 
expected to be minimal. This is attributed to the fact that each fan 
contributed with almost 1

Totalnumberoffans when calculating the total IT 
equipment flowrate. Thus, even if one or two of the fans has a relatively 
large error, the overall system will continue to show great prediction 
ability. 

A comparison of the numerical results and the field measurements, in 
terms of outlet air velocity and temperature, is provided in Table 7. It 
can be inferred from this Table 7 that there was great consistency be
tween the results in all cases. For the outlet air velocity, the maximum 
error was found to be 5.4% and the minimum was 1.8%. For the outlet 
air temperature, the maximum error was found to be 4.6% and the 
minimum was 1.1%. This confirms what were discussed earlier in this 
section, where case 3 exhibited 11.9% absolute relative error in pre
dicting one of the fans speeds, however, CFD results showed only 2.4% 
and 1.6% error in the overall IT equipment outlet air velocity and 
temperature, respectively. Based on this, it was found that the reliability 
and accuracy of the CFD model applied in this work is comprehensively 
validated. 

Thereafter, the model was utilized to calculate the IT equipment s 
flowrate and outlet air temperature at various operating conditions as 
shown in Fig. 12. As expected, Fig. 12 (a) reveals that the air flowrate 
increased when the SAT and the CPU utilization increased, which was 
due to the increase in fan speed. At some points when the flowrate 
increased the OAT exhibited a slight variation or even stayed constant, 
even when the SAT increased as more flowrate was delivered. Further
more, it can be inferred from Fig. 12 (b) that the OAT was almost 
identical for different CPU utilizations, which meant that the fans
speeds were being adjusted to maintain a certain thermal field inside the 
IT equipment at different SAT regardless of CPU utilization. 

It can be also noted from Fig. 12 (b) that the air temperature dif
ference between the server inlet and outlet is rather low. This highlights 
that this specific IT equipment is adopting excessively conservative fan 
control algorithms by running the fans at unnecessary high speed. 
Adopting such algorithms result in wasting a significant amount of en
ergy by the IT equipment fans, especially when hundreds of such IT 
equipment are operating in different data centers. This leaves a huge 
spot for improving and optimizing IT equipment fan control algorithms. 
For example, the work conducted by J. Sarkinen, R. Brannvall, J. Gus
tafsson, and J. Summers [82] in which they specified an optimal oper
ating condition considering the components power losses and the fan 
power consumption. In addition, this relatively low T across the IT 
equipment could cause energy losses by the data centers cooling 
equipment in most cases. This attributed to fact that more air is required 
by the IT equipment to maintain this T across the IT equipment, and 
hence more air consumed by the CRAH units blowers. More in-depth 
discussion can be found in [82]. 

Table 4 
A comparison of the R2 measure for different algorithms on Model 1.  

Algorithm R2 Fan 
1 

R2 Fan 
2 

R2 Fan 
3 

R2 Fan 
4 

R2 Fan 
5 

R2 Fan 
6 

RF  0.959  0.985  0.985  0.957  0.960  0.958 
Linear 

Regression  
0.620  0.864  0.862  0.630  0.640  0.622 

Lasso 
Regression  

0.620  0.864  0.862  0.630  0.640  0.622 

Linear SVM  0.554  0.820  0.817  0.582  0.593  0.593 
RBF SVM  0.778  0.926  0.926  0.783  0.797  0.778  

Table 5 
CPU utilization and SAT values for different cases used in testing the results.  

Parameter Case 1 Case 2 Case 3 Case 4 

CPU Utilization (%) Idling 25 50 100 
SAT ( C) 23 29 18 30  

Table 6 
Comparison between the experimental and the predicted fans speeds at the 
different cases.  

Case Fan Experimental fan 
speed (RPM) 

Predicted fan 
speed (RPM) 

Relative 
error (%) 

Case 
1 

Fan 
1 

2520 2520 0 

Fan 
2 

2280 2229.6 2.21 

Fan 
3 

2280 2289.6 0.42 

Fan 
4 

2160 2275.2 5.33 

Fan 
5 

2280 2364 3.68 

Fan 
6 

2400 2400 0 

Case 
2 

Fan 
1 

3360 3453.6 2.8 

Fan 
2 

3360 3288 2.1 

Fan 
3 

3360 3110.4 7.4 

Fan 
4 

3000 3007.2 0.2 

Fan 
5 

2880 2990.4 3.8 

Fan 
6 

3240 3261.6 0.7 

Case 
3 

Fan 
1 

2040 2049.6 0.5 

Fan 
2 

2640 2685.6 1.7 

Fan 
3 

2640 2954.4 11.9 

Fan 
4 

1920 1876.8 2.3 

Fan 
5 

1920 1932 0.6 

Fan 
6 

1920 1972.8 2.8 

Case 
4 

Fan 
1 

4680 4588.8 1.9 

Fan 
2 

5880 5584.8 5 

Fan 
3 

5880 5532 5.9 

Fan 
4 

4080 4027.2 1.3 

Fan 
5 

4080 4051.2 0.7 

Fan 
6 

4560 4560 0  

Table 7 
Experimental and CFD results for the outlet air velocity and OAT.  

Case Speed OAT 

Experimental 
(m/ s) 

CFD 
(m/ 
s) 

Error 
(%) 

Experimental 
( C) 

CFD 
( C) 

Error 
(%) 

Case 
1 

0.37 0.01  0.39  5.4  27.1 1 26.8  1.1 

Case 
2 

0.55 0.02  0.54  1.8  33.56 1 32  4.6 

Case 
3 

0.41 0.01  0.4  2.4  24.8 1 24.4  1.6 

Case 
4 

0.9 0.03  0.86  4.4  34.5 1 33.5  2.9  
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1 4

Fi n all y, it i s e s s e nti al t o el a b or at e o n a d o pti n g t h e C F D si m ul ati o n 

i n st e a d of u si n g t h e f a n a n d t h e c o n s er v ati o n of e n er g y l a w s f or c al c u-

l ati n g t h e I T e q ui p m e nt fl o w r at e a n d t h e o utl et t e m p er at ur e. E v e n if t h e 

p o w er c o n s u m pti o n m o d el a n d f a n s p e e d pr e di cti o n m o d el s c a n b e u s e d 

t o c al c ul at e t h e I T e q ui p m e nt fi o w r at e a n d t h e o utl et t e m p er at ur e u si n g 

t h e s e l a w s, t h e y f ail t o c a pt ur e t h e f ull p h y si c s i n si d e t h e s er v er, w hi c h 

will aff e ct t h e o v er all m o d el a c c ur a c y. F or e x a m pl e, a si g ni fl c a nt a m o u nt 

of fl o w w a s f o u n d t o r e cir c ul at e wit hi n t h e t e st e d I T e q ui p m e nt ’s c h a s si s, 

a s  s h o w n  i n Fi g.  1 3 .  A s  a  r e s ult,  t h e  air  fi o w  p a s si n g  t hr o u g h  t h e  I T 

e q ui p m e nt w a s l e s s t h a n t h e t ot al fl o w dri v e n b y t h e f a n s, w hi c h m e a nt 

t h at t h e air fl o w l e a vi n g t h e I T e q ui p m e nt w a s at a hi g h er t e m p er at ur e. 

4. 3.  D e v el o pi n g I T e q ui p m e nt c o m p a ct m o d el 

Aft er d e v el o pi n g t h e I T e q ui p m e nt p o w er a n d f a n s p e e d pr e di cti o n 

m o d el s a n d t h e n c o n d u cti n g t h e C F D st u d y, t hi s w or k w a s e xt e n d e d t o 

u s e  r e gr e s si o n  t o ol s  t o  d eri v e  c orr el ati o n s  b et w e e n  t h e  r e s p o n s e  a n d 

i n p ut  p ar a m et er s.  T o  t h at e n d,  a  pr e di cti o n  m o d el  t h at  d e s cri b e d  t h e 

o v er all I T e q ui p m e nt p erf or m a n c e at diff er e nt o p er ati n g c o n diti o n s w a s 

o bt ai n e d.  T hi s  m o d el,  w hi c h  r e pr e s e nt s  t h e  I T  e q ui p m e nt  c o m p a ct 

m o d el, w a s u s e d t o pr e di ct t h e I T e q ui p m e nt fi o wr at e a n d O A T b a s e d o n 

t h e S A T a n d C P U utili z ati o n. I niti all y, m ulti pl e li n e ar r e gr e s si o n, w hi c h 

i s  a  m or e g e n er al  f or m of  si m pl e  li n e ar  r e gr e s si o n,  w a s a d o pt e d.  T h e 

r e gr e s si o n f u n cti o n w a s d e v el o p e d fr o m 6 4 C F D d at a p oi nt s, a s s h o w n i n 

Fi g. 1 2 . T h e g e n er al m at h e m ati c al m o d el f or m ulti pl e li n e ar r e gr e s si o n i s 

gi v e n b y: 

Y = β 0 +
∑

i

(β i* x i)  + ∊ ( 1 2) 

B y u si n g t hi s m o d el, t w o m ulti pl e li n e ar r e gr e s si o n f u n cti o n s w er e 

d e v el o p e d t o pr e di ct t h e v al u e s of t h e I T e q ui p m e nt ’s O A T a n d fl o wr at e. 

T o  e v al u at e t h e s e  r e gr e s si o n  f u n cti o n s, t h e  R 2 v al u e s  w e r e c al c ul at e d 

wit h r e s p e ct t o t h e C F D r e s ult s. Hi g h R 2 v al u e s f o r t h e O A T a n d fl o wr at e 

w er e o bt ai n e d fr o m t h e m ulti pl e li n e ar r e gr e s si o n f u n cti o n. T o f urt h er 

i m pr o v e  t h e  r e gr e s si o n  f u n cti o n’s  a c c ur a c y,  n o nli n e ar  m ulti v ari at e 

r e gr e s si o n m o d el s w er e d e v el o p e d t o c o n si d er t h e n o n-li n e arit y i n t h e I T 

e q ui p m e nt fi o wr at e d at a g e n er at e d fr o m t h e C F D. T h e b a si c f or m of t hi s 

m o d el i s gi v e n b y: 

Y = f (β i, x i)  + ∊ ( 1 3) 

T hi s  m o d el ’s  p erf or m a n c e  w a s  s u p eri or  t o  t h e  m ulti pl e  li n e ar 

r e gr e s si o n m o d el, h e n c e it w a s a d o pt e d l at er o n i n t h e a n al y si s. H o w -

e v er, t h e diff er e n c e w a s n ot si g ni fi c a nt. T h e R 2 i m p r o v e d b y 2 % f or t h e 

I T  e q ui p m e nt’s fl o wr at e,  w hil e  t h e  R 2 f o r  t h e  O A T  o nl y  i n cr e a s e d  b y 

0. 9 %. T a bl e 8 s h o w s t h e r e gr e s si o n f u n cti o n s d eri v e d fr o m b ot h m o d el s 

a n d a s u m m ar y of t h e st ati sti c al a n al y si s. 

Fi g. 1 2. Eff e ct of v ar yi n g C P U utili z ati o n a n d S A T o n t h e I T e q ui p m e nt ’s ( a) fl o wr at e ( b) O A T.  

Fi g. 1 3. Str e a mli n e s of air fl o w r e cir c ul ati n g i n si d e t h e I T e q ui p m e nt.  
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For the latter model, both the R2 and adjusted R2 values were very 
close to unity, which verified the quality of fit and the model s ability to 
predict new operating points. Moreover, the R2 and adjusted R2 values 
were high and similar, which indicated that the model was not over- 
fitted. Finally, the function accurately predicted the IT equipment s 
flowrate and OAT, with an MAE of 5.1 and 1.7, respectively. 

After conducting a diagnostic of the regression model and validating 
it statistically, its accuracy was assessed comparatively using the 
experimental data. The experimental results used for comparison were 
those obtained in the four cases discussed in the previous section. 
Table 9 and Table 10 present a comparison of the results obtained 
through the experiment and those predicted by the regression model for 
the IT equipment s flowrate and the OAT, respectively. Unfortunately, to 
the best of the authors knowledge, no article has created a compact 
model which predicts the flowrate required for the IT equipment and the 
air temperature leaving the equipment. Therefore, to further assessing 
the developed compact model, these two Tables compared the devel
oped regression function with state-of-the-art compact for the same IT 
equipment. This state-of-the-art model is currently used in some CFD 
software, which adopts generalized and linear correlation for the 
various IT equipment. 

For the regression model, the maximum error was found to be 11.4% 
and 5.7% for the IT equipment s flowrate and OAT, respectively. This 
confirms its accuracy and ability to predict the IT equipment s thermal 
performance at off-design operating conditions. For the state-of-the-art 
compact model, the discrepancy between its results and the experi
mental results was substantial. In some cases, the flowrate calculated by 
this model was more than double that of the experimental results. For 
the OAT, slightly higher than an 8 C difference was observed. The 
regression model developed in this work reduced the error for the IT 
equipment s flowrate to 5.2% that of the state-of-the-art IT equipment 
compact model. For the OAT, it reduced error to 9.3 % that of the state- 
of-the-art compact model. 

With hundreds of IT equipment components installed at the data 
center facility level, the impact of any error introduced by the state- of 
the art compact model is certain to grow considerably. As a result, 
calibration experiments are seen as necessary for improving a given 
model s reliability. However, the method used for developing an IT 
equipment compact model in this study can potentially eliminate the 
need for calibration. It has been shown that this methodology can 

tremendously improve the CFD model s accuracy at the data center level 
and its ability to predict the IT equipment s thermal performance even at 
off-design conditions. 

5. Conclusions 

Proper thermal and energy management of data centers requires a 
thorough understanding of the basic unit for power and heat flow in data 
centers, which is the IT equipment. This study establishes a compre
hensive methodology that builds an accurate compact model for the IT 
equipment. Initially, a power consumption model and fan speed pre
diction models were derived from the IT equipment data. Merging these 
models with the CFD code results in an IT equipment CFD model that can 
predict the IT equipment at off-design conditions. To verify the reli
ability of this model it was tested against the experimental measure
ments under four different operating conditions. The maximum 
mismatch between the CFD model and the experiments was found to be 
5.4% and 4.6% in terms of air velocity and air temperature, respectively. 
Finally, a compact model for the IT equipment was created using the 
data generated by the CFD model. Compared to the experiment, the 
developed model showed a maximum inconsistency in the IT equipment 
flowrate and outlet air temperature of 11.4% and 5.7%, respectively. 
This model is superior to existing IT equipment compact models for the 
following reasons:  

It can be easily embedded with any CFD code or any other simulation 
program used in designing energy systems for data centers.  
This approach can be adapted to build a compact model for any IT 
equipment.  
The model can simulate the IT equipment performance at different 
supply air temperature and CPU utilization.  
This model does not only predict the power consumption of the IT 
equipment, but also the amount of flow required by this equipment 
and its OAT.  
This model can be derived using tools and data that are easily 
accessible.  
As this compact model is developed from a full physics based CFD 
model, it is expected to be the most accurate IT equipment compact 
model. Compared with a state-of-the-art IT equipment compact 
model, the maximum error in the flow rate was reduced from 155.4% 

Table 8 
Regression function developed for the IT equipment flowrate and OAT prediction.   

Parameter Equation R2 Adjusted R2 MAE 

Multiple linear regression Q Q 0.01023*utilization 0.06469*SAT 0.02003   0.912  0.909 5.4 
OAT OAT 0.01038*utilization 0.86152*SAT 7.3844   0.974  0.973 2 

Multivariate nonlinear regression Q Q 0.0006694*Utilization1.59914 0.000341695*SAT2.37342 0.932246   0.93  0.929 5.1 

OAT OAT 124.109*Utilization0.00142692 0.749164*SAT1.03308 116.357   0.983  0.983 1.7  

Table 9 
Experimental and predicted flowrate for the developed model and state of the art 
model.  

Case  Developed model State-of-the-art 
compact model 

Experimental Q 
(m3/ s £ 10-2) 

Q (m3/ s 
£ 10-2) 

Error 
(%) 

Q (m3/ s 
£ 10-2) 

Error 
(%) 

Case 
1 

1.4 0.04 1.5 7.1  1.96 40 

Case 
2 

2.2 0.07 2 9.1  2.13 3.2 

Case 
3 

1.6 0.05 1.7 6.2  3.52 120 

Case 
4 

3.5 0.11 3.1 11.4  8.94 155.4  

Table 10 
Experimental and predicted OAT for the developed model and state of the art 
model.  

Case  Developed model State-of-the-art 
compact model 

Experimental OAT 
( C) 

OAT 
( C) 

Error 
(%) 

OAT 
( C) 

Error 
(%) 

Case 
1  

27.1 1  26.9  0.7 24  11.4 

Case 
2  

33.6 1  31.7  5.7 40.8  21.4 

Case 
3  

24.8 1  24.1  2.8 32.3  30.2 

Case 
4  

34.5 1  33.7  2.3 41.3  19.7  
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to 11.4%. For the outlet air temperature, the maximum error was 
reduced from 30.2% to 5.7%. 
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