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H I G H L I G H T S  

• A digital twin method on energy consumption management of cooling system is proposed. 
• The digital twin models are developed for real-time monitoring and optimization. 
• The approach has reduced the energy consumption of the cooling system by 23.63%.  
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A B S T R A C T   

The energy consumption management (ECM) for the integrated heat pipe cooling (IHPC) systems has become a 
significant cost-cutting strategy, given the growing demand for the decreased cooling and maintenance costs in 
data centers. However, the traditional ECM strategies lack an integration with the real-time information and the 
automatic feedback control, causing the risks of system operation difficult to diagnose and the potential for 
energy saving hard to exploit. In this respect, a digital twin approach was proposed to efficiently and auto
matically implement the ECM strategy for an IHPC system. First, a digital twin architecture was established to 
enable seamless integration and real-time interaction between the physical system and the digital twin. Secondly, 
the digital twin models of monitoring, simulation, energy evaluation and optimization were developed to drive 
the corresponding services. Finally, the approach was verified on an IHPC system operating in a real-life data 
center. It is found that the approach can automatically detect and justify the abnormal states of the IHPC system. 
Moreover, the approach can reduce the power consumption by 23.63% while meeting the production re
quirements. The mean relative errors of the supply air temperature and the cooling capacity between the digital 
twin simulated and the on-site records are 1.43% and 1.46%, respectively. In summary, the proposed approach 
provides a digital twin workflow that can significantly improve the efficiency of the ECM strategy deployed on an 
IHPC system.   

1. Introduction 

The data centers have been widely constructed in recent years. The 
prevention of cooling system failures has led to research focusing on the 
real-time analysis, performance assessment, and health management of 
cooling systems [1]. Meanwhile, the cooling system brings up tremen
dous energy consumption. In a typical data center, the energy con
sumption of the cooling system accounts for >40% of the total electricity 
usage [2] [3]. Therefore, it is desirable to develop an efficient energy 
consumption management (ECM) method for the cooling system to 
decrease its energy consumption while reducing the risk of failure. 

Currently, the cooling system type is predominantly based on air 

cooling, whose ECM methods include design optimization and operation 
strategy optimization [4]. The integrated heat pipe cooling (IHPC) sys
tem is a popular air cooling system that combines the heat pipe indirect 
heat transfer method with the vapor compression refrigeration tech
nique [5] [6]. An IHPC system typically consists of a heat pipe sub- 
system and one or more vapor compression sub-systems, as shown in 
Fig. 1. The operating mode changes with the outdoor temperature [5]. 
When the outdoor temperature is relatively low, the heat pipe sub- 
system works independently to provide the required cooling capacity 
for the data center. The heat pipe refrigerant is lifted by gas buoyancy 
from the evaporator to the condenser section and flows by gravity from 
the condenser to the evaporator section (Fig. 1). This mode is referred to 
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as free cooling as it uses the outdoor free cooling source without any 
external energy. When the outdoor temperature rises to the point that 
the heat pipe sub-system is not able to support the cooling demand, the 
compressor is turned on to activate the vapor compression sub-system. 
When the ambient temperature is above or equal to the indoor air 
temperature, the heat pipe sub-system stops working, while only the 
vapor compression sub-system operates to provide the required cooling 
capacity [7]. The working mode of the vapor compression sub-system is 
called mechanical refrigeration because it requires a compressor to 
provide power for circulating the working fluid. Typically, the working 
fluid in a heat pipe is selected according to its working temperature, 
which usually includes water, ammonia, and Freon [8]. Therefore, the 
IHPC system can conduct the year-round cooling for a data center 
regardless of the region and the climate [6]. Moreover, the system uses 
the outdoor cool air in an indirect manner, therefore reducing the energy 
consumption and avoiding the negative impact of the outdoor air quality 
on the data center environment [6]. However, regarding the operational 
strategy, most data centers operate with constant working parameters 
and at a low cooling efficiency [4]. The conventional ECM methods for 
the IHPC system are unable to apply real-time information to tackle the 
uncertainties of the system during its operation. They rely on the 
monitoring service but fail to consider the emergency cases and make 
subsequent adjustments. No integration with real-time information and 
a lack of automated feedback control combined hinder the emergency 
management and risk detection of the cooling system. Consequently, the 
existing ECM methods cannot respond immediately to any change in the 
cooling demand or the operating environment, leading to excessive 
energy consumption and high management costs. 

The digital twin technology has been applied to efficiently integrate 
the physical assets and real-time information in several industrial sec
tors, for example, manufacturing [9], aerospace [10], maritime [11], 
construction [12], petroleum [13], and process industries [14]. The 
technology integrates several physical fields at multiple scales by syn
chronizing real-time data and mapping reality [15]. To date, both in
dustry and academia have widely applied the technology to implement 
seamless connectivity between the physical and the virtual worlds, 
thereby providing new commercial opportunities across multiple sectors 
[16] [17]. 

In this regard, a digital twin approach was proposed for imple
menting the ECM of the IHPC system, which also includes the emergency 
management. To begin with, a digital twin architecture was constructed 
to enable seamless integration and real-time interaction between the 
physical twin and the digital twin. Afterward, the digital twin models on 

monitoring, simulation, energy evaluation, and energy optimization 
were developed to perform the digital twin services. In particular, the 
emergency management of the IHPC system was integrated into the 
simulation model. Finally, each component in the architecture was 
implemented on a realistic cooling system running in a data center 
located in Shanghai, China, for which its feasibility and effectiveness 
were demonstrated. 

The remainder of this paper is organized as follows: Section 2 re
views the ECM of the air-cooling system, the digital twin, and its 
application on industrial equipment. Section 3 presents the digital twin 
architecture for the ECM application on the IHPC system. Section 4 
describes the digital twin modeling process. Section 5 illustrates the 
background of the case study and the deployment of the digital twin 
approach, closed by the discussion of results and conclusions in Section 
6. 

2. Literature review 

This section reviews the ECM of the air-cooling system, digital twin, 
and its application on industrial equipment. 

2.1. ECM of the air-cooling system 

The ECM is critical to the operational efficiency and safety of the 
cooling system, which can reduce unplanned downtime and energy 
consumption while satisfying the cooling requirements. Dai et al. [1] 
assessed and mitigated the reliability risks of the equipment cooled by 
free air using the prognostics and health management (PHM) method
ology, which was based on the operational characteristics of the data 
center. Wang et al. [20] used Long Short-Term Memory (LSTM) to 
predict the operational and abnormal states of the cooling equipment. 
To improve the energy efficiency of the cooling system, Oh et al. [21] 
proposed an optimization framework linking the process simulator and 
the external optimization method. The case study demonstrated that the 
energy consumption of the cooling system was reduced by 16.3–27.2% 
through the optimization of the refrigerant type and operating condi
tions. Du et al. [22] developed a generic energy management system for 
the large cooling system in deep mining wells. The field tests on four 
large cooling devices of various designs, sizes, and requirements resulted 
in an average saving of 33.3% on power consumption for all sites while 
fulfilling the cooling needs. To manage the energy consumption of 
heating, ventilation, and air conditioning (HVAC) equipment in build
ings, Fong et al. [23] proposed a coupled metaheuristic simulation 

Fig. 1. Schematic diagram of the integrated heat pipe cooling system (Modified from the references [18,19]).  
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method based on evolutionary programming. The simulation results 
showed that the method saved about 7.0% of the potential cost 
compared to the existing operational setup. Recently, the power usage 
effectiveness (PUE) has become one of the most critical indicators for 
evaluating the power utilization efficiency of a data center, which is 
defined as the ratio of the total power consumption of the data center to 
that of the IT equipment [6]. Given that the energy consumption of the 
cooling system can account for >40% of the total energy consumption of 
a data center, minimizing the former becomes crucial in reducing the 
PUE. To minimize the energy consumption of the cooling system, He 
et al. [2] obtained the optimal inlet temperature and water flow rates at 
different ambient temperatures using the fitting method. They con
ducted a case study using offline temperature data from Tianjin, China, 
which resulted in a 21.3% reduction in energy consumption and a 
decrease in average annual PUE from 1.263 to 1.207. He et al. [5] 
calculated the optimal operating parameters of an IHPC system at 
different outdoor ambient temperatures based on a genetic algorithm. 
They analyzed the energy-saving effect of the method using the offline 
temperature data in locations with different climates, and the optimized 
PUE was reduced by 16.2% compared to the PUE required by the local 
policy. 

In summary, the existing ECM methods for the air-cooling system are 
primarily offline or dependent on historical data. In addition, the 
absence of integration with the automated control modules requires 
maintenance crews to stay on site. Moreover, the methods cannot 
respond to rapid changes in either the operating environment or the 
cooling demand of the data center, resulting in delayed emergency 
management and unnecessary energy consumption. 

2.2. Digital twin and its application on industrial equipment 

The concept of the digital twin was first introduced by Grieves in 
2002 in a product lifecycle management (PLM) course [24]. Despite the 
increasing enthusiasm for digital twin among researchers in recent 
years, the concept of digital twin requires a more specific definition 
because the definitions and concepts mainly depend on their corre
sponding fields of application [25]. Kritzinger et al. [9] illustrated that 
the digital twin is distinguished from the digital model or the digital 
shadow in that it reveals the automatic real-time data interaction be
tween the physical entity and the virtual twin. Meanwhile, the latest 
published international standards for digital twins define a digital twin 
as a digital representation of a target entity through a data connection 
that enables convergence between the physical and digital states at an 
appropriate synchronization rate [26]. It must be noted that the con
ventional numerical simulations are usually offline and consequently 
lack specific synchronization and feedback characteristics compared to a 
digital twin [26]. 

Several researchers proposed a digital twin model based on a fuzzy 
inference system to optimize the number of fans in the water-cooling 
system of a power plant [27]. Tao et al. [28] studied the PHM of com
plex equipment, developed a five-dimensional digital twin model, and 
proposed a digital twin-driven PHM approach. The method effectively 
used the interaction mechanism and fused data of a digital twin. Nguyen 
et al. [29] proposed a digital twin model for the system-level fault 
detection and diagnosis on a physical entity to improve the monitoring 
efficiency of the equipment health. The fault diagnosis of a high-pressure 
feedwater system was analyzed, and the system effectiveness was 

Fig. 2. ECM digital twin architecture for an IHPC system  
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proved. Ren et al. [30] introduced a technical system that integrates 
machine learning modules into a digital twin model, which was applied 
to the predictive maintenance of an internal combustion engine. The 
results showed that the bearing temperature anomalies in the internal 
combustion engine could be predicted one week in advance. Wei et al. 
[31] presented a multi-domain, multi-level, parametric, and consistent 
process to construct the mechanism-oriented digital twin model for a 
mechatronic device. The reliability of the method was verified by con
structing a digital twin model of a computer numerical control machine. 

In summary, the full integration of the physical and virtual models 
can improve the ECM efficiency for industrial equipment. However, 
there has been no application of a digital twin to the ECM method for the 
IHPC system in a data center. This study is aimed at tackling such an 
application. 

3. Architecture of the digital twin approach 

This research proposes an ECM digital twin architecture for the IHPC 
system based on the standard architecture according to the international 
standard ISO 23247-2 [32] and the five-dimensional model developed 
by Tao et al. [28], as shown in Fig. 2. The architecture is designed to 
guide and enable seamless integration and real-time interaction between 
physical and digital devices to improve the efficiency of the ECM. The 
architecture comprises five parts: a physical, a connection, a digital, a 
service, and an interaction layer. The devices in the physical layer are 
the main components of the IHPC system, which are connected in the 
digital layer via the perception, communication, and control units in the 
connection layer. The digital twin models located in the digital layer 
drive the services in the service layer to enable the automatic ECM of the 
IHPC system. The digital twin data unit in the digital layer manages and 
processes all the data generated by the digital twin and physical entities. 
This layered architecture follows the separation of concerns and allows 
for a high degree of modularity and reusability, showing improved 
scalability and reducing the developmental complexity of the digital 
twin [33,34]. The details of the architecture will be presented layer by 
layer in the following subsections.  

• Physical layer 

The physical layer performs as the cornerstone of the architecture 
and the service target entity of the digital twin. The physical layer 
contains the IHPC system components deployed in the physical world, 
such as fans, compressors, and motors. These physical equipment sup
plies the corresponding data to the digital twin via the perception unit in 
the connection layer. These data include the equipment geometry, 
physical properties, material parameters, structural composition, and 
real-time data generated from the system operation. It is worth noting 
that the physical layer needs to provide the key parameters to the ECM 
services, including the heat pipe size, refrigerant component, fan speed, 
and energy consumption. Such a setup can significantly reduce the data 
volume during the operation of the digital twin. The optimization sig
nals are transmitted to the physical devices through the communication 
and control units in the connection layer to enable the digital twin 
functionality.  

• Connection layer 

The connection layer consists of a perception, a communication, and 
a control unit. The perception unit contains pressure sensors, tempera
ture sensors, electric meters, and tachometers that record the data 
required for the digital twin modeling. The communication unit allows 
the components within the digital twin to exchange data to perform 
specific tasks. It transfers data from multiple sources obtained by the 
perception unit to the digital twin data unit. The optimization orders are 
then generated by the digital twin models and transmitted to the control 
unit that seamlessly integrates the physical and digital entities. For 
example, when the cooling demand cannot be met, the digital twin 
models output optimized IHPC operation orders (e.g., turn on more 
compressors or increase the speed of the fans) and transmit them to the 
control unit via the communication unit. The control unit then executes 
the operation orders and controls the physical IHPC system, which 
provides continuous feedback to subsequent adjustments such that the 
autonomous decision-making is fulfilled. 

Fig. 3. Digital twin models and their relationship with the digital twin services.  
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• Digital layer 

The digital layer includes a digital twin data and a digital twin model 
unit. It has been widely acknowledged that poor data quality is a 
highlighted problem in a noisy industrial environment [35], as the ac
curacy of the data model depends heavily on the quality of the input 
data. The digital twin data unit performs the data storage, processing, 
and conversion functions to obtain high-quality data. In this study, the 
digital twin models are encapsulated as always-on and on-demand 
models, which are defined based on their roles in driving the digital 
twin services. The relationship between the digital models and the ser
vices is given in Fig. 3.  

• Service layer 

The service layer lies at the top of the architecture and contains 
monitoring, simulation, energy optimization, and working condition 
assessment services. Each digital twin service is driven by one or more 
digital twin models, as depicted in Fig. 3. The monitoring service dis
plays the operational status of the IHPC system in terms of curve-type 

graphs of the key operating parameters, which are the supply and re
turn air temperatures, fan speed, energy consumption, and compressor 
pressure. The simulation service simulates the process of IHPC system 
operation and predicts the key operating parameters such as the supply 
air temperature, cooling capacity, and energy consumption. These pa
rameters are also used to assess the equipment responses under different 
outdoor ambient temperatures. The energy optimization services are 
implemented by combining the monitoring, simulation, energy 

evaluation and optimization models. The developmental procedure of 
these models will be interpreted in Section 4.  

• Interaction 

A digital twin shall contain the appropriate interfaces for interaction 
with the outside world to avoid isolated digital islands. The interaction 
among the layers within a digital twin is executed through the appli
cation programming interfaces (APIs) and the perception, communica
tion, and control units in the connection layer. The objects of interaction 
between the digital twin and the external include the human, the 
environment, and other twins. Among them, the interaction between the 
digital twin and the human requires visualization techniques to improve 
its efficiency. The interaction between the digital twin and the envi
ronment is achieved through the temperature sensors because the out
door temperature has a significant impact on the operational status of 
the IHPC system. The interaction between the digital twin and other 
twins is conducted via an API. 

4. Digital twin modeling 

4.1. Monitoring model 

The conventional ECM methods are absent of integration with the 
automation control and the emergency treatment. In this regard, a 
monitoring model was built to monitor the working status, detect ab
normalities, and respond to emergencies. The model mainly consists of 
one algorithm for sensor failure detection and the other for abnormal 
working condition management. 

Algorithm 1 presents the detailed pseudo-code of the sensor failure 
detection algorithm, with the notation given in Table 1. The input is the 
real-time dataset {S}i, describing the operating status of the IHPC system 
collected by the sensors. The output is the sensor failure information. For 
example, when the data collected by sensor 3 in cooling device 1 are 
absent, the output message of the algorithm reads “sensor 3 in device 1 
has failed”. In this case, the alarm message is generated to remind the 
operator to maintain or replace the failed sensor (sensor 3 in device 1). 
The procedure first loops through the real-time dataset {S}i of the 
operating status of all the activated devices, then detects whether they 
are void of data. 

Algorithm 2 provides the detailed pseudo-code to present the algo
rithm on the abnormal working condition management. The input data 
are the real-time dataset {S}i collected by the sensors, and the threshold 
values. The outputs are abnormal alarm messages and adjustment 
measures. The procedure is designed as follows: 1) loop through the 
operating status of all the devices and issue the corresponding alarm 
when the cooling needs are not satisfied; 2) following the order of energy 
consumption from the smallest to the largest, increase the speeds of the 

Table 1 
Notation in Algorithm 1 and Algorithm 2.  

Notation Remark Notation Remark 

Ei ith cooling equipment Ts, max Max temperature of the supply 
air 

EFij jth evaporator fan of Ei Tr Temperature of the return air 
CFij jth condenser fans of Ei Tr, max Max temperature of return air 
Cij jth compressor of Ei TCij jth compressor back 

temperature of Ei 

Si Status of Ei TCmax Max back temperature of the 
compressor 

REij rpm of jth evaporator 
fan of Ei 

PCij jth compressor pressure of Ei 

RCij rpm of jth condenser 
fan of Ei 

PCmax Max pressure of the 
compressor 

Sij Status of jth compressor 
of Ei 

To Outdoor temperature 

Ts Temperature of the 
supply air 

Pe Total power of the device 

t Data collection time 
interval 

{S}i Dataset measured at moment i  

Algorithm 1 
Sensor failure detection algorithm. 

Input: The real-time dataset {S}i of the operating status of the equipment collected by the sensors

Output: The sensor failure information

for i :=1 to num(Equipment)  // Obtaining the working status of all equipment

if Si is True

for Sij in {S}i : // Looping through the sensor real-time dataset

if Sij is empty

Send message (‘Sij sensor failure’)

end if

end for

end if

end for
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evaporator fan and the condenser fan, activate more compressors, and 
activate more cooling equipment until the demand for refrigeration 
suffices; 3) issue an alarm when either the compressor pressure or the 
compressor back temperature exceed the corresponding threshold. Shut 
down the warned compressor and turn on other compressors to ensure 
the health of the former. The alarm messages are employed to inform the 
operator about the location and the reasons for the anomalies, as well as 
to generate request for maintenance of the abnormal device. 

4.2. Simulation model 

The simulation model is used to simulate the processes of fluid flow 
and heat transfer in the circulating channel during the operation of the 
IHPC system. During the circulation, the air flows through the channels 
at the condenser and evaporator, exchanging heat with the heat released 
from the phase change of the refrigerant inside the evaporator and 

condenser tubes. In the simulation, the IHPC system contains indoor and 
outdoor air channels, heat pipe sub-system, and vapor compression sub- 
system (Fig. 1). 

(1) Indoor and outdoor air channels. 
Assuming that the airflow in the channel is one-dimensional, the 

governing equations of its flow process be expressed by Eq. (1)–(3). The 
mass conservation equation for the air flow in the indoor and outdoor 
channels in a unit control volume can be described by: 

∂ρa

∂t
+∇⋅(ρau) = 0 (1)  

where ρa is the density of air, kg/m3; u is the flow rate of the air, m/s; t is 
time, s. The first term on the left part of Eq. (1) represents the change 
rate of the air mass per unit channel volume; the second term is the mass 

Algorithm 2 
Abnormal working condition management. 

Input: The real-time dataset {S}i collected by the sensors, and the threshold values

Output: Abnormal alarm messages and adjustment measures

for i :=1 to num(Equipment)  // Looping through the working status of all equipment

if Si is True

for j :=1 to num(EF))  // Looping through the working status of all fans

while Ts >= Tsmax & RCij < RCmax do

Send message (‘Ts is too high’) 

RCij += 0.01 × RCmax //Increase the condenser fan speed by 1 % each time

end while

while Tr >= Trmax & (RCij < RCmax or REij< REmax) do

Send message (‘Tr is too high’) 

RCij += 0.01 × RCmax or REij += 0.01 × REmax

end while

end for

for j :=1 to num(compressors)  // Looping through the working status of all compressors

while Ts >= Tsmax & Sij is false do

Send message (‘Ts is too high’) & Sij is True //Activating the compressor

end while

if Sij is True

if TCij >= TCmax or PCij >= PCmax

Send message (‘TCij or PCij is too high’) and Sij is false //Turn off the 

compressor

for k :=1 to num(compressors)

if Sik is false and Sij != Sik

Sik is True // Activate another compressor

end if

end for

end if

else:

while Ts >= Tsmax or Tr >= Trmax do

Si is true   //Activate more cooling equipment

end if 

end for
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flow rate of the air entering or exiting the unit area in the flow direction. 
The momentum conservation equation for the air flow in a unit 

control volume is given by: 

∂(ρau)
∂t

+∇⋅(ρauu) = − ∇pa +∇⋅(μa∇u)+ ρag (2)  

where pa is the pressure in the air channel, Pa; g is the acceleration of 
gravity, m/s2; μa is the dynamic viscosity of the air, Pa⋅s. The first term 
on the left side of Eq. (2) represents the change rate of the air momentum 
per unit channel volume; the second term denotes the transport of the air 
momentum in the flow direction caused by convection. The first term on 
the right of Eq. (2) is the change in air momentum because of the 
pressure gradient; the second term characterizes the diffusion of mo
mentum due to the viscous force within the air; the third term expresses 
the effect of gravity on momentum per unit volume of air. 

The energy conservation equation for the air flow in a unit control 
volume is written by Eq. (3): 

∂(ρaCaTa)

∂t
+∇⋅(ρauTa) = ∇⋅(ka∇Ta)+ Sh + Sv (3)  

where Ta is the air temperature, oC; Ca is the specific heat capacity of air, 
J/(kg⋅oC); ka is the thermal conductivity of air, W/(m⋅oC); Sh and Sv are 
the energy source terms contributed by the heat pipe and the vapor 
compression sub-system, respectively, W/m3. The first term on the left 
of Eq. (3) is the change rate of energy per unit volume of the air; the 
second term represents the transfer of the air energy in the flow direction 
due to convection. The first term on the right shows the energy diffusion 
due to heat conduction; Sh and Sv represent the energy source terms of a 
unit volume of air due to the contribution of the heat pipe sub-system 
and the vapor compression sub-system, respectively. 

(2) Heat pipe sub-system 
The VOF (Volume of Fluid) model can be employed to describe the 

phase change and flow of the refrigerant in the heat pipe sub-system 
[36,37]. The model is used to simulate two or more immiscible fluids 
by solving a set of momentum equations and tracking the volume frac
tion of each fluid in the domain [37]. The circulation of refrigerant in the 
heat pipe is a two-phase flow process. In each control volume, the sum of 
the volume fractions of all phases is 1, as shown in Eq. (4): 

αv +αl = 1 (4)  

where αv and αl are the volume fraction of the vapor phase and the liquid 
phase, dimensionless. 

The properties of the fluid in each control volume are the weighted 
sum of the properties of the individual phases: 

μ = αvμv +αlμl (5)  

k = αvkv +αlkl (6)  

ρ = αvρv +αlρl (7)  

C =
αvρvCv + αlρlCl

αvρv + αlρl
(8)  

where μv and μl are the dynamic viscosity of the vapor and the liquid 
phases, Pa⋅s; μ is the dynamic viscosity of the mixed fluid, Pa⋅s; kv and kl 
are the thermal conductivity of the vapor and the liquid phases, W/ 
(m⋅oC); k is the thermal conductivity of the mixed fluid, W/(m⋅oC); ρv 
and ρl are the density of the vapor and the liquid phases, kg/m3; ρ is the 
density of the mixed fluid, kg/m3; Cv and Cl are the specific heat capacity 
of the vapor and the liquid phases, J/(kg⋅oC); C is the specific heat ca
pacity of the mixed fluid, J/(kg⋅oC). 

In the VOF model, the interface between the phases is tracked by 
solving a continuity equation for the volume fraction of one of the 
phases [36]. For the liquid phase, the continuity equation has the 
following form: 

∂(ρlαl)

∂t
+∇⋅(ρlαlv) = Sm (9)  

where ρl is the density of the liquid refrigerant, kg/m3; v is the velocity 
of the heat pipe refrigerant, m/s; t is the time, s; Smis the source term of 
mass, kg/s. It is assumed that the phase change occurs at the saturation 
temperature. The source term of mass Sm is calculated as follows: 

Sm,v1 =

⎧
⎪⎨

⎪⎩

rlvαlρl(Tl − Tsat)

Tsat
Tl⩾Tsat

0 Tl < Tsat

(10)  

Sm,v1 =

⎧
⎪⎨

⎪⎩

rvlαvρv(Tsat − Tv)

Tsat
Tv⩽Tsat

0Tv > Tsat

(11)  

where Sm,lv is the mass source term for the conversion of the liquid phase 
into the vapor phase, Sm,vl is the mass source term for the conversion of 
the vapor phase into the liquid phase, kg/s; Tsat is the saturation tem
perature, ◦C; Tl and Tv are the temperatures of the liquid and vapor 
phases, respectively, oC; r is the relaxation factor, dimensionless. 

In the VOF model, the velocity field obtained from solving the mo
mentum equation for a single phase is shared among the phases. The 
momentum equation is shown in Eq. (12). 

∂(ρv)
∂t

+∇⋅(ρvv) = − ∇ph +∇⋅[μ(∇v+∇vΤ) ]+ ρg+ FS (12) 

In the case: 

Fs = σlv
ρκ∇αl

0.5(ρl + ρv)
(13)  

where ph is the total pressure of the two phases in the heat pipe, Pa; Fs is 
the surface tension term, N/m3; σlv is the surface tension between the 
vapor and liquid phases, N/m; κ is the surface curvature between the 
vapor and liquid phases, dimensionless. 

The energy conservation equation in the VOF model is specified as: 

∂(ρE)
∂t

+∇⋅[v(ρE+ ph) ] = ∇⋅(k∇T)+ qh (14)  

where E is the internal energy per unit mass of the vapor-liquid mixture 
and is further expressed by Eq. (15), J; qh is the energy source term 
caused by the phase change, W/m3. 

E =
αvρvEv + αlρlEl

αvρv + αlρl
(15) 

The phase change rate of the heat pipe refrigerant ṁh is expressed as 
Eq. (16); while qh is given by Eq. (17) and (18), respectively. 

ṁh =
ha
hfg

[
ρ(T − Tsat)

ρ − ρlαl

]

(16)  

qh = ha
[

ρ(T − Tsat)

ρ − ρlαl

]

(17)  

qh = ṁhhfg (18)  

where h is the heat transfer coefficient, W/(m2⋅◦C); a is the heat pipe 
area per unit volume, m2; hfg is the latent heat, J. 

(3) Vapor compression sub-system. 
The vapor compression sub-system consists mainly of an evaporator, 

a condenser, a compressor, and an electronic expansion valve (EEV). 
During the refrigerant circulation, the refrigerant flow rate and pressure 
distribution can be derived from the mass conservation equation: 

d
dt

(ρvrV) = ṁvr,i − ṁvr,o (19) 
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where ρvr is the density of the refrigerant in the vapor compression sub- 
system, kg/m3; V is a control volume, m3; ṁvr,i is the mass flow rate into 
the control volume, kg/s; and ṁvr,i is the mass flow rate out of the 
control volume, kg/s. 

To consider the compressibility of the fluid, the fluid mass 
compression coefficient λ is introduced into Eq. (19) to obtain Eq. (20) 
[38]. 

λ
dpv

dt
= ṁvr,i − ṁvr,o (20)  

where λ = ρvrV/β is the mass compression coefficient, kg/Pa; β = ρvrdpv/ 
dρvr is the bulk module of the fluid, Pa; pv is the pressure of the fluid in 
the vapor compression sub-system, Pa. 

The compressor provides circulation power for the vapor compres
sion loop. The refrigerant mass flow rate through the compressor is 
given by the following Eq. [39]: 

mcr = ηv
Vcnc

60vc
(21)  

where ηv represents the volume efficiency of the compressor, %; Vc in
dicates the total volume of the compressor cylinder, m3; nc is the rotation 
speed of the compressor, r/min; υc denotes the specific volume of the 
refrigerant at the compressor inlet, m3/kg. 

The mass flow rate of refrigerant through the EEV is calculated as 
[6]: 

mer = CDKeAe
̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
2(pei − peo)/vei

√
(22)  

where CD is the flow coefficient, dimensionless; Ke indicates the opening 
of the EEV; Ae is the flow area. m2; pei and peo are the pressure at the inlet 
and outlet of the EEV, respectively, Pa; vei is the refrigerant specific 
volume at the inlet of the EEV, m3/kg. 

In the evaporator and condenser, the refrigerant can be divided into 
superheated, two-phase, and subcooled zones [6]. In this case, the 
refrigerant is vapor in the superheated zone and liquid in the subcooled 
zone. The flow heat transfer equation between the refrigerant and the 
evaporator/ condenser tube wall can be expressed as: 

ρvrCvr
dTvr

dt
= ṁvr,ihvr,i − ṁvr,ohvr,o = αvr

(
Tvr,m − Tw

)dAi

dt
(23)  

where Tvr is the temperature of the refrigerant, oC; hvr,i is the refrigerant 
enthalpy entering the control volume, J/kg; hvr,o is the refrigerant 
enthalpy leaving the control volume, J/kg; αvr is the heat transfer co
efficient of the refrigerant, W/(m2⋅oC); Ai is the heat transfer area of the 
tube per unit control volume, m2; Tw is the temperature of the tube wall, 
oC; Tvr,m is the mean temperature of the refrigerant, oC. 

The heat transfer coefficients of the refrigerant in the single-phase 
and two-phase zones are [40,41]: 

αvr,s =
λvr⋅Nui

di
(24)  

αvr,d = αvr,s

[

(1 − χ)0.8
+

3.8χ0.76(1 − χ)0.04

Pr0.38

]

(25)  

where Nui = 0.023Re0.8Pr0.3, Re = mvrdi/μ, Pr = Cvrμ/λvr; λvr is the 
thermal conductivity of the refrigerant, W/(m⋅oC); mvr is the mass flow 
density of the refrigerant, kg/(m2⋅s); di is the inner diameter of the 
evaporator/condenser tube, m; μvr is the dynamic viscosity of the 
refrigerant, Pa⋅s; and χ is the dryness of the refrigerant, dimensionless. 

In this study, K-Spice® [42], a dynamic process simulator developed 
by Kongsberg Digital Ltd., was used to solve the aforementioned gov
erning equations (Eqs. (1)–(25)). First, the thermodynamics software 
Multiflash was used to calculate the physical and thermodynamic 

Fig. 4. Optimization process of the energy consumption based on the genetic algorithm.  
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parameters of the refrigerant and generate the corresponding packages. 
Secondly, the generated thermodynamic packages were imported into 
K-Spice®, which was integrated with the components of the IPHC sys
tem. The empirical formulas (Eqs. (21), (22), (24), (25)) were employed 
by the corresponding components via user-defined functions. Finally, 
the K-Spice® software discretized these equations into a set of algebraic 
equations using the implicit Euler method and then solved the latter by 
applying the Newton-Raphson method [43]. 

4.3. Energy evaluation and optimization model 

4.3.1. Energy evaluation model 
In this section, an energy evaluation model is developed to predict 

and evaluate the total energy consumption of the IHPC system under 
various operating conditions. Two primary energy-consuming compo
nents exist in the IHPC system: the fan and the compressor. In this case, 
only the fans consume energy when the heat pipe sub-system works. The 
compressors will not consume energy until the vapor compression sub- 
system gets activated. Therefore, the total power consumption of an 
IHPC system is the sum of the power consumed by the fans and the 
compressors: 

Wt =
∑n

i=1
Wf,i +

∑m

i=1
Wc,i (26)  

where Wt, Wf and Wc are the power consumption of the IHPC system, the 
fan and the compressor, kW; n and m are the number of the running fans 
and the running compressors, respectively. 

Typically, the power consumption of a fan can be evaluated by Eq. 
(27) [44]. 

Wf = kn3
f (27)  

where nf, is the speed of the fan, r/min; k is the performance parameter 
of the fan, dimensionless, which can be obtained by fitting the recorded 
operating data. 

The power consumption of a compressor can be described as Eq. (28) 
[6]. 

Wc = mr
hs − hin

ηcηs
(28)  

where hin is the enthalpy of the refrigerant at the compressor inlet, J/kg; 
hs denotes the enthalpy of the refrigerant at the compressor outlet, J/kg; 

Fig. 5. Interoperability among the layers in the digital twin architecture.  
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ηc is the heat loss coefficient of the compressor, %; ηs is the isentropic 
efficiency of the compressor, %. 

The total energy consumption of the IHPC system is: 

Ecool =
∑n

i=1
Wf,itf,i +

∑m

i=1
Wc,itc,i (29)  

where Ecool indicates the total energy consumption of the IHPC system, 
kWh; tf and tc are the working time of the fan and compressor, respec
tively, h. 

The unknown coefficients in Eqs. (27)–(28) were obtained by fitting 
the historically operational data of the IHPC system. Such a fitting 
problem was solved by using the Levenberg-Marquardt algorithm to 
obtain the coefficients [45,46]. The fitting performance is evaluated by 
the coefficient of determination R2: 

R2 = 1 −

∑n

i=1
(yi − ŷi)

2

∑n

i=1
(yi − y)2

(30)  

where yi is the energy consumption from the ith measurement; ŷi is the 
energy consumption from the ith prediction; n is the total number of 
measurements and predictions; y is the averaged energy consumption 
from measurement. 

Moreover, the overall performance of the IHPC system is evaluated 
by using the coefficient of performance (COP) [6]: 

COP =
Qcool

Wt
=

Qcool
∑n

i=1
Wf,i +

∑m

i=1
Wc,i

(31)  

where Qcool is the total cooling capacity of the IHPC system, kW; Wt is 
the total power consumption of the IHPC system, kW. 

The PUE is employed to assess the overall energy efficiency of a data 
center [2]: 

PUE =
Edata

EIT
=

EIT + Ecool + Elight

EIT
(32)  

where Edata is the total energy consumption of the data center, kWh; EIT 
is the energy consumption of the IT (information technology) equip
ment, kWh; Elight is the energy consumption of the lighting equipment, 
kWh. 

4.3.2. Energy optimization model 
The objective of energy optimization is to optimize the operating 

conditions so that the cooling requirements and the IHPC system health 
are ensured while the energy consumption gets minimized. In this 
research, the genetic algorithm is employed to solve the energy opti
mization model, which is defined as: 

minEcool
(
nf,c, nf,e, nc

)
(33) 

s.t. 
{

Ts⩽Ts,threshold
Tr⩽Tr,threshold

(34) 

Fig. 6. Diagram of the air circulation via the IHPC system in the data center room.  
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where nf,c, nf,e and nc are the rotation speed of the condenser fan, the 
evaporator fan, and the compressor, r/min; Ts is the supply air tem
perature, oC; Ts,threshould is the threshold for the supply air temperature, 
oC; Tr is the return air temperature, oC; Tr,threshould is the threshold for the 
return air temperature, oC. The derivation of Ts,threshould and Tr,threshould 
is presented in Appendix A. 

The solution space is restricted to the corresponding value ranges of 
the aforementioned nf,c, nf,e and nc to keep the IHPC system healthy. In 
addition, to satisfy the constraints given in Eq. (34) the fitness function 
of the individual is defined as: 

e = Δ − Ecool − λ1P1(Ts) − λ2P2(Tr) (35)  

where e is the individual fitness, dimensionless; Δ is the total energy 
consumption of the IHPC system at its maximum load, kWh; P1(Ts) and 
P2(Tr) are the penalty functions used to satisfy the constraints (Eq. (34)), 

which are P1(Ts) = max (0, Ts-Ts,threshold) and P2(Tr) = max (0, Tr-Tr, 

threshold); λ1 and λ2 are the penalty coefficients for the penalty functions 
P1(Ts) and P2(Tr), respectively. 

The energy optimization process based on the genetic algorithm is 
shown in Fig. 4. 

4.4. Interoperability between layers in the digital twin architecture 

The internal components of the digital twin communicate and 
collaborate with each other during its service life. This section describes 
the mechanism of interaction and collaboration between digital twin 
components when delivering services, as shown in Fig. 5. 

In the monitoring service, the real-time data generated in the phys
ical layer are captured by the perception unit in the connection layer and 
transferred to the data unit in the digital layer for storage and 

Fig. 7. Digital twin perception unit and the perception tools.  

Fig. 8. Interactive interface of the ECM digital twin.  
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processing. The real-time data is then transferred to the model unit 
where the monitoring model is activated. The captured data and the 
orders output from the monitoring model are saved and visualized. An 
alert notification is displayed to the operator when an abnormality is 

detected. In the simulation service, the real-time data are transferred to 
the model unit, followed by the activation of the simulation model to 
realize the real-time mapping of the physical entity, from which the 
simulation results are presented to the operator instantaneously. The 

Fig. 9. Operational status view and control interface of the individual devices.  

Fig. 10. Real-time abnormality detection and automatic adjustment of the key parameters.  
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operator must input the operating parameters of the IHPC system into 
the working condition assessment service. These parameters include the 
outdoor temperature, return air temperature, fan speed, and number of 
compressors activated. After the simulation model is activated, the 
digital twin provides the operator with a virtual space to assess the ef
fects of the operating parameters on the physical entity. In the energy 
optimization service, the energy evaluation model, the simulation 
model, and the energy optimization model are activated simultaneously. 
The optimized orders are then transferred to the controller in the 
connection layer for implementation in a real system. 

5. Case study 

5.1. Background 

An IHPC system typically consists of multiple cooling devices. In this 
case, an IHPC system consisting seven IHPC devices was deployed in 
parallel on the top of a data center room in Shanghai, China. The internal 
structure and air circulation flow of one of the devices and a row of 
server racks inside the data center room are displayed in Fig. 6. The cold 
air enters the data center via the evaporator fan 1, where it is distributed 
to each server rack through the air supply channel and mixed with the 
hot air surrounding the server racks. Such a process decreases the 
average temperature of the data center room. The mixed, heated air 
passes through the indoor air channel of the IHPC device via the evap
orator fan 2 and then returns to the data center after being cooled by the 
evaporators. Simultaneously, the outdoor cold air ventilates along the 
outdoor air channel of the device, where it indirectly exchanges heat 
with the warm air inside the indoor air channel. 

As shown in Fig. 6, the IHPC device in this case contains a heat pipe 
(HP) sub-system and three direct expansion (DX) sub-systems (a type of 
vapor compression system). The HP sub-system that provides free 
cooling consists of an HP evaporator and an HP condenser. In this case, 
the HP condenser and HP evaporator are L-shaped heat pipes in which 
the refrigerant is circulated by gravity. The DX sub-system mainly 
consists of a DX evaporator, a DX condenser and a compressor, which is 
employed to provide mechanical refrigeration. The refrigerant medium 
used in the HP sub-system is R134a, while the refrigerant medium inside 
the DX sub-system is R410a. The maximum cooling capacity and 
maximum input power of an IHPC device is 120.0 and 50.6 kW, 

respectively. The input power of each evaporator fan, condenser fan,and 
compressor is 3.5, 5.5, and 10.9 kW, respectively. Meanwhile, the 
manufacturer specifies that the heat exchange efficiency of the heat pipe 
is no <65%. The IHPC system preferentially cools the return air using 
the HP sub-system (free cooling), given that the HP sub-system works at 
a lower power than the DX sub-system. When the HP sub-system is 
unable to maintain the cooling level, the compressors are sequentially 
turned on to activate the DX sub-system (mechanical refrigeration). 

5.2. Connection layer and visualization deployment 

This section describes the units in the architectural connection layer, 
as well as the visualization that improves the efficiency of human- 
computer interaction. 

In this study, the devices within the IHPC system were connected to 
each other by twisted pair wires using the Controller Area Network-BUS 
(CANBUS) as the communication protocol. The IHPC system was linked 
to the external computer through the wired transmission using the 
Modbus protocol and the RS-485 physical interface. The Application 
Programming Interfaces (APIs) were used to transmit data among 
various units within the digital twin. 

The perception unit of the IHPC system is displayed in Fig. 7. The 
primary tools for obtaining data in the perception unit include the in
struction manual, temperature sensors, pressure sensors, tachometers, 
and electricity meters. The parameters obtained from the instruction 
manual are static design parameters such as the maximum speed of the 
fan, maximum airflow, static pressure, and input power. The dynamic 
data were those acquired from sensors, tachometers, and electricity 
meters, including the supply air temperature, return air temperature, fan 
speed, and power consumption during the operation of the equipment. 

In this study, a Programmable Logic Controller (PLC) was applied to 
control the physical system. The control parameters include the 
condenser fan speed, evaporator fan speed, and device status. 

It is imperative to visualize the IHPC system in a digital space to 
facilitate the interaction between the digital twin and the human for the 
efficient system management. The digital twin for the IHPC system was 
developed and demonstrated using the JavaScript programming lan
guage and Vue.js framework, as shown in Fig. 8. The lower center of 
Fig. 8 displays seven virtual cooling devices, while the left and right 
parts display the real-time health monitoring data of the physical ones. 

Fig. 11. Comparison of the digital twin predicted values against the measured data.  
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The perception unit collected all the real-time data from the IHPC sys
tem to feed to the monitoring service, as demonstrated by the “Real-time 
monitoring data” panel in Fig. 8. For situations that may endanger the 
health of a physical device, the digital twin issues and displays the alarm 
information in the “Alarm message” panel. Meanwhile, the predicted 
results of the simulation model are displayed and compared with the 
real-time data. The outdoor temperature obtained through the API is 
displayed online on the “Environmental temperature” panel. Compared 
with the “Summary” panel, the “Individual equipment view and control” 
panel presents the immediate monitoring data of an individual device as 
well as the operating status of the device, as shown in Fig. 9. Finally, the 
digital twin provides an interface for the interaction with the operators, 
who can view and adjust the operating parameters of the physical device 
directly on the digital twin (by using the “Devices state view & control” 
panel). 

In a digital twin system, the real-time interaction between the digital 
twin model and the sensors ensures the accuracy of the model and its 
synchronization with the physical entity. However, the incompatibility 
between the data acquisition and the system response speed remains a 
significant challenge. The following strategies are adopted in this 
research to tackle such a challenge. First, the developed ECM digital 
twin was deployed on the industrial computer inside the data center to 
reduce the impact of network fluctuation on the system stability. Sec
ondly, the wired transmission method was used for the data trans
mission to avoid potential interference and to improve the speed as well 
as the stability of the data flow. Finally, a synchronization rate among 
the data acquisition, transmission, and system response was imple
mented at a time interval of 10 min, ensuring that the physical entity and 
the ECM digital twin were synchronized at an acceptable speed. 

5.3. Results and discussion 

In the monitoring service, the parametric thresholds and real-time 
operating data of the IHPC system are fed into the monitoring model, 
which carries out real-time monitoring, abnormality assessment, and 
automatic adjustment of the IHPC system. The real-time abnormality 
detection and automatic adjustment results of the key parameters are 
displayed in Fig. 10. The upper temperature limits for the supply air, 

return air, and compressor are 27, 35, and 28 ◦C, respectively. These 
threshold data were collected from both the cooling requirements of the 
data center and the technical specifications on the manufacturer 
manual. The health of the IHPC system cannot be guaranteed when the 
recorded data exceed their upper limits. On the contrary, the digital twin 
can be triggered to capture the abnormal signals, issue the appropriate 
alarms, and adjust the operating parameters of the physical equipment. 
When the temperature of the supply air or return air exceeds the 
threshold, the digital twin issues an alarm (shown in the “Alarm mes
sage” panel in Fig. 8) based on Algorithm 2 and automatically adjusts 
the status of the fans, compressors, and standby IHPC devices to grad
ually increase the cooling capacity until the temperature falls below the 
threshold. When the pressure and back temperature of a compressor 
exceed the upper limit values set by the manufacturer, overload and 
damage may occur to the compressor. In this circumstance, the digital 
twin first issues an alarm message (as shown in the “Alarm message” 
panel in Fig. 8) to notify the device administrator, then turns off the 
abnormal compressor and activates a vacant compressor to replace the 
former compressor. The abnormal compressor will be inactive until its 
measured temperature falls within the normal range. These alarms will 
be stored in the database after notifying the administrator. The stored 
alarm information also provides data to feed into the optimization work 
on the equipment management. Moreover, the digital twin can handle 
the uncertainties during the operation of the data center. As shown in 
Fig. 10(b), the return air temperature frequently exceeds its upper limit 
at the later stage because of the sudden increase in heat output of the IT 
equipment. After the digital twin deployment, the return air tempera
ture can quickly drop below the warning line. 

When the predicted values do not match the actual ones (e.g., the 
supply air temperature values in Figs. 8 and 9), the anomaly manage
ment process follows: First, it is necessary to determine whether the 
measured value exceeds its upper limit. If not (Fig. 8), the equipment 
and system health can be assured. In this case, the deviation between the 
predicted and measured values needs to be evaluated. The digital twin 
model will be calibrated by checking and synchronizing the consistency 
of the working state between the digital twin model and the real cooling 
system when the deviation becomes unacceptable. Next, when the 
measured value rises beyond its limit (e.g., the supply air temperature in 

T

T

T

Fig. 12. Assessment on the IHPC system working condition at different outdoor temperatures.  
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Fig. 9), the abnormal condition will be handled by Algorithm 2 in the 
monitoring model (Always-on). The handling result is shown in Fig. 9, 
where the value of the supply air temperature (26.8 ◦C) drops below its 
upper limit at the next measurement round. 

In the simulation service, the digital twin maps the physical entity by 
real-time simulation to achieve the synchronization between the phys
ical entity and the digital twin. The accuracy of the simulation model 
directly impacts the degree of synchronization between the digital twins 
and the physical system. The accuracy of the simulation model was 
validated by comparing the predicted values against the measured data, 
as is displayed in Fig. 11. In this case, the compressors remained inactive 
until the outdoor ambient temperature exceeded 19 ◦C. The validation 
results indicate that the mean relative deviation of the cooling capacity 
is 1.46% and that for the supply air temperature is 1.43%. The COP 
records a mean relative deviation of 8.44% and decreases with an in
crease in the outdoor ambient temperature. The validation accuracies 
can satisfy the allowable engineering errors, thereby ensuring the syn
chronization between the digital twin and the physical system. More
over, the discovered COP trends are consistent with the experimental 

findings of He et al. [5]. The phenomenon is mainly attributed to the fact 
that the power consumption of the IHPC system increases with the 
growth of the outdoor temperature at a constant cooling capacity. When 
the free cooling model is exclusively employed (as the outdoor ambient 
temperature is 5–19 ◦C), only the HP sub-system works independently, 
the fans are the primary energy-consuming devices of the IHPC system. 
The cooling capacity of the IHPC system gradually decreases as the 
outdoor temperature rises. Therefore, the fan speed must be increased to 
improve the heat exchange rate and prevent this decline. According to 
Eq. (27), the increase in the fan speed will result in a significant increase 
in power consumption, leading to a sharp drop in COP. Meanwhile, as 
the outdoor ambient temperature rises, the condensing temperature of 
the vapor compression sub-system increases, resulting in a declined 
cooling capacity of the IHPC system. As a result, more compressors were 
activated to maintain the cooling capacity, which lead to an increasing 
power consumption of the IHPC system and a decreasing COP. 

The working condition assessment service is driven by the simulation 
model. The operator assesses the working condition of the physical 
system in the virtual space by setting the different combinations of pa
rameters. The temperature profiles of the indoor and outdoor air chan
nels in the IHPC device are shown in Fig. 12, covering the outdoor 
temperature To over 30, 35, 40, and 45 ◦C. In this case, the HP sub- 
system and the three DX sub-systems are deployed sequentially and 
turned in the air channels and all turned on, as shown in Fig. 6 and 
Fig. 12. The return air temperature is set at its upper limit of 35 ◦C. The 
HP sub-system in Fig. 12 shows that the heat pipe works only when the 
outdoor temperature is lower than the return air temperature. The sys
tem is able to reduce the return air temperature from 35.0 ◦C to 30.6 ◦C 
via the free cooling model at an outdoor temperature of 30 ◦C (point A in 
the “HP sub-system” zone of Fig. 12). In addition, the assessment results 
show that for To lower than 45 ◦C, Tr is cooled to below 27 ◦C (“Ts” in 
Fig. 12) by activating all the three DX sub-systems to meet the cooling 
needs. From an energy-saving perspective, the DX sub-systems should be 
activated gradually to increase the cooling capacity as the outdoor 
temperature rises. For instance, the DX sub-system 1 needs to be acti
vated to meet the cooling demand when the To is 30 ◦C (point B in 
Fig. 12), whereas the DX sub-system 2 also has to be triggered when the 
To rises up to 35 ◦C ((point C in Fig. 12). Meanwhile, the cooling capacity 
of the IHPC system gradually drops with an increase of To under the 
same operating parameters, which eventually leads to the decrease of 
COP. Such a phenomenon is mainly caused by the increased condensing 

Fig. 13. Fitting and validation results of the energy evaluation model.  

Fig. 14. Optimization on the energy consumption of the IHPC system after applying the digital twin.  
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temperature and the compressor energy consumption with an increase 
of To. In general, the working condition assessments can verify the sta
bility and reliability of the physical system, and further provide data 
support for the design optimization of the physical system. 

The energy optimization service is driven by the simulation, energy 
evaluation and optimization models. The specific data and workflow 
among the models are demonstrated in Fig. 5. In order to obtain the 
unknown coefficients in the energy evaluation model (Eqs. (27)–(28)), 
30,000 energy consumption data points obtained from the electric me
ters were used for the fitting, and an additional 5900 data points were 
used for validation. Fig. 13 shows that the fitted values are in good 
agreement with the actual measured at an R2 of 0.9762 and an RMSE of 
merely 0.5 kWh. 

The actual operating data of the IHPC system recorded by the sensors 
were fed into the energy optimization model to optimize the system 
energy consumption in real-time. The time interval of the optimization 
model was prescribed to be 10 min to match the actual recording fre
quency. Fig. 14 demonstrates that the energy consumption of the system 
reduces after optimization with the fulfilled cooling requirements. After 
the implementation of the digital twin, the cumulative energy con
sumption decreased from 23.3390 × 105 kWh to 17.8229 × 105 kWh. A 
total energy volume of 5.5161 × 105 kWh had been saved after opti
mizing the system operating parameters, comprising 23.63% of the 
entire energy consumption. Furthermore, the average PUE of the data 
center reduced from 1.325 to 1.248 after optimizing the energy con
sumption of the IHPC system. 

6. Conclusions and future work 

This study proposes a digital twin approach for an efficient and 
automated ECM of the IHPC system. The feasibility and effectiveness of 
this digital twin approach were verified through a case study on the 
cooling system of a data center. Several conclusions can be drawn as 
follows. 

Compared with the conventional methods, the proposed digital twin 
approach can automatically capture the abnormal conditions of the 
IHPC system in real-time. Meanwhile, the working states of the system 
were dynamically adjusted through the communication and control 
units to maintain the system health. In addition, benefiting from its 
perception unit, the digital twin can capture the online field data and 
dynamically simulate its working processes. The validation results show 
that the mean relative error between the digital twin simulated and the 
on-site measured supply air temperature is 1.43% and that for the 

cooling capacity is 1.46%. The power consumption after a half-year run 
had been reduced by 23.63%, while the health of the equipment was 
assured and the cooling needs were satisfied (Ts ≤ 27 ◦C & Tr ≤ 35 ◦C). 
The findings demonstrate the feasibility and practicability of the digital 
twin approach. 

The digital twin approach provides a viable route for practitioners to 
tackle similar energy management projects. Future work can be dedi
cated to the following three areas of study. First, the data-driven AI 
models can be integrated to improve the self-awareness, self-learning, 
and self-decision capability of the digital twin. Secondly, although the 
digital twin of this study was built based on the existing hardware fa
cilities, integration with other enterprise systems such as MES 
(Manufacturing Execution System), PMS (Production Management 
System), and ERP (Enterprise Resource Planning) is desired, so as to take 
full advantage of the digital twin. Last but not least, it is also necessary to 
integrate the proposed digital twin with the one for the data center via 
the reserved interfaces such that more valuable decisions for the man
agement of the data center become possible. 
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Appendix A. Derivation of supply and return air temperature thresholds 

The heat loss from the walls of the data center room is ignored. For the health of the IT equipment inside the data center, Eq. (A1) must be satisfied. 

Q̇IT,max ≤ Q̇cool,max (A1) 

In this case: 

Q̇IT,max ≤ Caṁa,max(Tr − Ts) (A2)  

where Q̇IT,max is the maximum heat generation rate of the IT equipment, J/s; Q̇cool,max indicates the maximum heat transfer rate of the cooling system, 
J/s; Ca is the specific heat capacity of the air, J/(kg⋅◦C); ṁa,max is the maximum mass flow rate of the air, kg/s. The values of Q̇IT,max and ṁa,max can be 
obtained when the IT equipment and the cooling system are specified. Subsequently, the temperature difference between supply and return air can 
also be determined: 

Q̇IT,max

Caṁa,max
≤ (Tr − Ts) (A3) 

Therefore, the temperature thresholds of the supply and return air can be determined: 

H. Zhu and B. Lin                                                                                                                                                                                                                              



Applied Energy 373 (2024) 123840

17

⎧
⎪⎪⎪⎨

⎪⎪⎪⎩

Tr ≤ Tr,threshold = TIT,tolerance

Ts ≤ Ts,threshold = TIT,tolerance −
Q̇IT,max

Caṁa,max

(A4) 

where TIT,tolerance is the maximum temperature that an IT equipment can tolerate, oC. 
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