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Nomenclature 

Symbols 

ACHP air-cooled heat pump 

AHU air handling unit 

a, b, c, d, g, h coefficients 

BACnet building automation and control network 

BAS building automation system 

BMS building management system 

C heat capacity, kJ/K 

Cap cooling capacity, kW 

CLG cooling power, kW 

COP coefficient of performance 

dP differential pressure, kPa 

F water flow rate, kg/s 

f frequency, Hz 

HVAC heating, ventilation, air conditioning and cooling 
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IoT Internet of Things 

L period 

LDAP Lightweight Directory Access Protocol 

MAD Mean Absolute Difference 

MAPD Mean Absolute Percentage Difference 

MPC model predictive control 

MQTT Message Queuing Telemetry Transport 

N number 

P power, kW 

Q cooling/heating energy, kJ 

R thermal resistance, K/kW 

RBAC Role Based Access Control 

RBC rule-based control 

T temperature, ℃ 

TLS Transport Layer Security 

UDF User Defined Function 

Subscripts  

AE air exchange 

agg aggregated 

avg average 

db dry bulb 

enve envelope 

hp heat pump 

IA indoor air 

IHG internal heat gain 

lb lower bound 

min minimum 

OA outdoor air 

t time 
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ub upper bound 

var_rate variation rate 

Greek symbols  

𝛼𝛼, 𝛽𝛽, 𝛾𝛾  parameters 

𝜀𝜀 threshold value 

Abstract 

Energy conservation and carbon reduction of existing buildings have been receiving 

increasing attention with the proposed carbon neutrality goals. As presented in many 

studies, adopting model predictive control (MPC) for building HVAC system control is 

an effective means to realize building energy conservation. However, existing studies 

rarely addressed the critical challenges for practical applications and integration of 

MPC in existing Building Automation Systems (BASs). This study proposes a control 

retrofit approach, which is lightweight and replicable, to realize the improvement of 

energy efficiency of the existing building HVAC systems through integrating data-

driven MPC into existing BASs. The critical challenges in the practical applications of 

MPC strategies, including MPC strategy development, large-scale data processing, 

strategy deployment and integration with existing BASs are addressed. The proposed 

approach was applied to the existing HVAC system of an actual airport terminal and 

the evaluation results indicate that the control retrofit approach is effective in achieving 

energy efficiency and thermal comfort improvement. The system daily energy 

consumption was reduced by 24.5% in average and the percentage of the discomfort 

time was reduced from 70.2% to 5.7% in average after the control retrofit. The proposed 

control retrofit approach, with the help of the scalability and distributed computing 

capabilities of the cloud computing platform, is expected to be able to realize 

lightweight control retrofit of large number of existing building HVAC systems. 

1 Introduction 

Carbon emissions during building operation accounts for a large proportion of the total 

carbon emissions in China, which was 21.9% in 2018 [1]. Therefore, reduction of 
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carbon emissions during building operation is one of the key paths to achieve carbon 

peaking and carbon neutrality goals that proposed by the Chinese government. The 

reduction of carbon emissions in the operation phase of existing buildings can mainly 

be achieved by reducing the energy consumption of existing buildings and using more 

renewable energy. A large proportion of the energy consumption in existing buildings 

is consumed by HVAC systems, especially for existing public buildings [2, 3]. 

Therefore, energy conservation of HVAC system is very important for reducing the 

energy consumption of existing public buildings. 

The approaches for energy conservation of HVAC systems in existing public buildings 

mainly include system hardware retrofit, system commissioning and advanced control. 

System hardware retrofit refers to the approaches that realize the energy conservation 

through modifying building envelope (e.g., wall insulation layer [4], and low-e glass 

[5]), replacing low-efficiency equipment [7], and adding additional equipment in the 

original system [8-10]. These approaches commonly show considerable performance 

on energy conservation while they involve a relatively large cost and unneglectable 

risks for cost recovery [11, 12]. Commissioning is a systematic process to ensure the 

building facility systems perform as the requirements of design documentation and 

intent [13]. For HVAC systems, due to the deviation of the actual working conditions 

from the design working conditions and the performance degradation or even faults of 

equipment, issues such as overheating, overcooling and/or low energy efficiency may 

occur in the HVAC systems after a period of operation [14]. In such cases, system 

commissioning is an effective means to deal with these problems and therefore 

improves the indoor thermal comfort and energy efficiency of the HVAC systems [15]. 

However, system commissioning requires high professionalism, and experts who are 

very familiar with the HVAC systems are always needed to conduct a comprehensive 

diagnosis. Moreover, it is difficult to completely solve the problem at a time, the system 

needs to have a re-commissioning after a period to maintain comfort and energy 

performance [16]. These problems make it hard to scale up the applications of 

commissioning service in practice. 
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Adopting advanced control approaches instead of using simple ones, such as rule-based 

control or reactive control, is another effective means to realize energy conservation of 

existing building HVAC systems. Through optimizing the set-points of the system 

control variables proactively, advanced control approaches can achieve the efficient 

operation of target HVAC systems in the form of supervisory control [17]. Especially 

for the advanced control approaches with the self-adapting capability, once the control 

approaches are developed and deployed for the target HVAC systems, the system 

operation efficiency can be improved and maintained continuously with quite little 

maintenance fee [18]. These features make it more attractive in the energy conservation 

of existing building HVAC systems than the system hardware retrofit and system 

commissioning approaches. Therefore, this study focuses on the control retrofit of 

existing HVAC systems using advanced control approaches. MPC (model predictive 

control) is one of the typical advanced control approaches which has been proved to be 

effective in multiple studies [19]. MPC uses a system model to predict the system state 

or performance metrics (usually in the form of objective function in optimization) 

within a certain period in the future (i.e., prediction time horizon, such as 1 hour, 1day). 

Based on the prediction results, the optimal control variables can be obtained using 

optimization techniques to minimize the system performance indices (e.g., operating 

costs, energy consumption, carbon emissions) while ensuring comfort requirements 

[20]. A large number of studies have been conducted on the development of modelling 

approaches and optimization algorithms for MPC, and the relative studies have been 

reviewed in detail by Refs [19, 21]. 

In recent years, many studies have been conducted to investigate the effectiveness of 

MPC in building HVAC systems for energy conservation [22]. Yang et al. [23] proposed 

a MPC strategy for an air-conditioning system with dedicated outdoor air system and 

conducted an experimental test to investigate the control performance. Compared to the 

conventional feedback control, the MPC strategy achieved 18% to 20% energy savings. 

Chen et al. [24] developed an occupant feedback-based model predictive control 

strategy using a novel dynamic thermal sensation (DTS) model and conducted chamber 
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experiments to evaluate its performance. The test results show that the developed DTS-

based MPC performs better than the Predicted Mean Vote-based MPC. Huang et al. [25] 

investigated the combined impacts of selected time intervals for model discretization 

and control sampling on the performance of MPC through detailed simulations. The 

simulation results show that the time interval of model discretization has much greater 

influence. These studies provide the means and guidelines to design and develop the 

MPC strategies, and demonstrate their superior performance in HVAC control. 

However, there are yet few practical applications of MPC in the optimal control of 

building HVAC systems, and the effective means to promote the application of MPC in 

engineering are rarely found in the existing studies. Most of the existing studies focused 

on validating the feasibility and advantages of MPC in the control of specific HVAC 

systems but not the general approach for realizing the practical applications of MPC in 

large scale [26-28]. Only a few studies have discussed the critical challenges in scaling 

up the practical applications of MPC in existing building HVAC systems, including the 

acquirement of required operation data, design and development of MPC, 

implementation of MPC in existing BMS (Building Management System) or BAS 

(Building Automation System) [29, 30]. Blum et al. [29] estimated the model 

development and engineering costs for MPC implementation in a real office building, 

and demonstrated the feasibility of developing MPC using the open-source software 

developed in [31]. However, the proposed MPC strategy was designed for the HVAC 

system of the target office specifically, and its generality remained unclear. Bird et al. 

[30] presented a cloud-based monitoring and control platform in the case study of a 

food-retail building in the UK and introduced the design, installation and cost of 

implementing MPC for its HVAC system. The simulation results showed that the 

proposed MPC control outperforms the existing rule-based control both in energy cost 

and carbon emission. These studies introduced the workflow for developing and 

implementing MPC in practical applications, while several critical challenges remained 

unsolved, including the development of reliable and efficient system model, the large-

scale data processing in near real-time, and the compatibility of MPC strategy with 
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existing control logic. And these challenges restrict the wide and flexible application of 

MPC in existing building HVAC systems for energy conservation.  

To fulfill the research gaps in practical deployment of MPC in existing HVAC systems, 

this study proposes a general control retrofit approach which can realize the energy 

conservation of existing building HVAC systems adopting MPC. A general and 

replicable MPC strategy which is effective for the energy conservation of existing 

HVAC systems with different configurations is proposed. A cloud-edge collaboration 

architecture is proposed to realize the operation data access and integration of the MPC 

strategies with existing BASs in a lightweight and scalable way through standard 

communication protocols. The MPC strategies are deployed in the cloud to optimize 

the system operation according to the acquired operation data through sending 

supervisory control settings to the existing BASs. The implementation of the proposed 

approach in a real-life airport terminal is presented in detail and the field test results are 

analyzed.  

The contributions of this work are summarized as follows. 

 A general and replicable MPC strategy for energy conservation of existing building 

HVAC systems is proposed and validated in practical application. This strategy can 

be applied in most of the building HVAC systems of different configurations since 

it is designed to optimize the system operation at the macro level rather than to 

optimize the system/subsystem of specific configuration. According to the 

predicted indoor temperature trend, the proposed MPC proactively generates the 

optimal system cooling outputs which are achieved through adjusting the chilled 

water supply temperature. In this manner, the system cooling outputs can be 

minimized while maintaining indoor thermal comfort. Based on the optimal system 

cooling outputs, the operating number of chillers is optimized to minimize the 

energy consumption of chillers. 

 A general approach for implementing the MPC strategy in existing HVAC systems 

is proposed and the critical problems in practical applications are addressed, 

including  near real-time (within 1 minute) large-scale data proceesing and the 
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compatibility and integration of MPC with the existing BAS. Near real-time data 

is necessary for operation of MPC strategy and it is a challenge work to deal with 

the huge amount of operation data in near real-time when many HVAC systems are 

integrated in the cloud platform. An effective solution is presented in this study for 

this critical problem in practice. Moreover, it is a difficult task to deploy MPC 

strategies in the existing BASs especially when the existing control logic needs to 

be revised, since their programs are customized without uniform programming 

standards. Using the proposed approach, the MPC strategy can be integrated into 

the existing BASs noninvasively, i.e., the control logic of the existing BASs doesn’t 

need to be revised. The proposed approach is of great significance to guide the 

application and promotion of data-driven MPC in actual building energy-saving 

retrofitting projects. 

 A novel hybrid model, which consists of a gray-box building thermal model and a 

data-driven residual prediction model, is proposed for the prediction of indoor 

temperature variation in practical applications. The gray-box building thermal 

model is developed based domain knowledge on thermodynamics which brings 

high generality since it doesn’t rely on detail information of the target buildings. 

The heat gains that cannot be directly measured, such as indoor heat gains of solar 

irradiance and occupancy, are innovatively regarded as a periodical function and 

represented as Fourier expansion in the gray-box model. The accuracy of the gray-

box model is further enhanced using a data-driven model to compensate its 

prediction error which may be caused by the simplification of model structure. 

The rest of this paper is organized as follows. Section 2 introduces the general MPC 

strategy, the cloud-edge collaboration architecture and the standard workflow of the 

proposed control retrofit approach. Section 3 presents the implementation of the 

proposed control retrofit approach in a real-life airport terminal, including the target 

system description and the MPC strategy development. In Section 4, the performance 

of the developed MPC strategy is evaluated according to the field test results. The 

conclusions of this study are summarized in Section 5. 
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2 Methodology 

The proposed control retrofit approach is a general and replicable approach for energy 

conservation of existing building HVAC systems through integrating MPC strategies 

into their BASs. A general MPC strategy for optimal control of target HVAC system, a 

cloud-edge collaboration architecture for the integration of MPC strategy with existing 

BAS, and the standard workflow for implementing the control retrofit approach are 

presented. 

2.1 General MPC strategy 

The schematic and optimization process of the proposed general MPC strategy for 

existing HVAC systems is presented in Fig. 1. The proposed MPC strategy is a 

supervisory control strategy which optimizes the set points of chilled water supply 

temperature and the operating number of the chillers. It contains two parts, i.e., cooling 

optimization and chiller sequencing optimization. The main idea of this MPC strategy 

is to minimize the system power consumption by both minimizing the system cooling 

supply and maximizing the system operation efficiency. 

The cooling optimization part is responsible for minimizing the system cooling output 

while maintaining the indoor temperature in the predefined range. The building thermal 

model is responsible for predicting the building indoor average temperature trend in the 

control time horizon (e.g., future 30 minutes). The optimal cooling output is achieved 

by the optimization method according to the prediction results of the building thermal 

model. With the obtained optimal cooling output, the optimal chilled water supply 

temperature can be approximately calculated according to the current chilled water 

return temperature and chilled water flow rate.  

The chiller sequencing optimization part is to seek for the optimal operation number of 

chillers which can minimize the system power consumption while providing the 

required cooling capacity, i.e., the optimal cooling output obtained by cooling 

optimization. The cooling plant power model is responsible for predicting the power 

consumption of the cooling plant when different sequencing strategies are adopted. 

The proposed MPC strategy is applicable in a large amount of HVAC systems with 
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different configurations since the means of realizing the system energy conservation, 

i.e., cooling optimization and sequencing optimization, is not designed according to the 

HVAC system with specific configurations. Moreover, the proposed MPC strategy 

optimizes the operation of target HVAC system through supervisory control and 

therefore will not affect the existing local control logics of the existing BAS. The 

proposed MPC strategy is applied and validated in a real-life airport terminal and the 

details are presented in Section 3.2 and Section 4.  

 

(a) Schematic of the MPC strategy 
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(b) Optimization process of the MPC strategy 

Fig. 1. The proposed general MPC strategy 

2.2 Cloud-edge collaboration architecture 

2.2.1 Overall architecture 

Fig. 2 presents the proposed cloud-edge collaboration architecture of the control retrofit 

approach, which consists of an IoT (Internet of Things) gateway and a cloud platform. 

The architecture is able to realize the lightweight control retrofit of existing building 

HVAC systems since only an IoT gateway is needed to be integrated into the existing 
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cloud platform is responsible for the real-time data processing and storage as well as 
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The bidirectional data transmission between BAS and the IoT gateway, i.e., operation 

data upload and control settings delivery, is realized through BACnet (Building 

Automation and Control Network) communication protocol, a commonly used network 

protocol in BASs for interoperation between different devices. BACnet provides a 

convenient way to realize the information upload and control settings execution. For 

information upload, all the available data points in the BAS control network can be 

obtained directly through BACnet scanner and therefore the integration of the IoT 

gateway can be realized easily. For control settings execution, the settings from MPC 

strategy can be executed directly without modifying the original program of the existing 

BASs through priority-based overriding mechanism of BACnet, i.e., the original setting 

parameters in the existing BASs can be directly overridden by the settings from the 

MPC strategy which has an equal or higher priority. 

The communication protocol used for the information exchange between the IoT 

gateway and the cloud platform is MQTT (Message Queuing Telemetry Transport). 

MQTT is a light protocol widely used in IoT systems since it can ensure smooth and 

reliable data transfer among multiple devices with low bandwidth. The TLS (Transport 

Layer Security) encryption mechanism is added in the MQTT protocol to protect the 

system against the vulnerabilities. 

For the deployment of MPC strategy, Docker is adopted to package up the code of each 

MPC strategy and its dependencies as a portable and self-sufficient container operating 

on the cloud platform [32]. In this manner, the MPC strategies can be tailored as 

different micro services on the cloud platform to provide service for different building 

HVAC systems. 
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Fig. 2. Cloud-edge collaboration architecture of the proposed control retrofit approach 

2.2.2 Solution for large-scale data processing and store in near real-time 

Considering the large-scale applications of this approach for the control retrofit of 

existing HVAC systems, the near real-time processing and store of large-scale data in 

the cloud platform need to be addressed. The near real-time data processing and storing 
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brings critical challenges to the cloud platform, which including massive data 

processing (such as missing data handling, data noise and outliers handling) in near 

real-time, low-cost and scalable data storage, fast data query and retrieval, data backup, 

and data safety. 
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lakes and the management features and tools from data warehouses [33]. The ability of 

end-to-end streaming and decoupling of storage and computing makes it preferred 

architecture for this scenario. The architecture of the proposed solution and process of 

the large-scale data processing are shown in Fig. 3. Massive operation data of different 

building HVAC systems are uploaded to the MQTT brokers and sent to the Kafka [34], 

which is an open source platform supporting steaming analytics, through an adapter 

developed for data format conversion. Based on PySpark Streaming [35], the missing 

values and outliers in the massive data can be handled using the UDFs (User Defined 

Function) written in Python in near real-time. The UDFs are executed in distributed 

computing in Spark cluster which makes computing scalable. By decoupling storage 

from computing, the handled time-series data is then stored into cheap object storage 

yet with great data analytics performance in Delta Lake format [36]. In order to ensure 

the performance of the database in query and retrieval, multiple optimization techniques 

including partition [36], compaction [36] and z-order [37] are utilized. Moreover, with 

Delta Lake metadata stored in the same location with the time-series data, the backup 

and archive of the data can be realized by simply using ‘clone’ command to copy plain 

object storage files into cheaper storage like tapes. With security in mind, the RBAC 

(Role Based Access Control) plugin is developed based on the LDAP (Lightweight 

Directory Access Protocol) to manage the users’ access to the database under the multi-

tenant mode. Then, the applications, i.e., the MPC strategies for different building 

HVAC systems can access the corresponding near real-time data securely through 

PyHive [38]. 

 

Fig. 3. Architecture of the proposed solution and process of the large-scale data processing 
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2.3 Standard workflow 

Fig. 4 presents the standard workflow for implementation of the proposed control 

retrofit approach, which contains five key steps, including onsite system investigation, 

IoT gateway integration, data processing, MPC strategy development, and MPC 

strategy deployment and trail operation. The first two steps will consume 3-7 days 

based on the complexity of the target HVAC system and its BAS. The most time-

consuming steps are the data processing and MPC strategy development. The main 

reason is that the system models need to be developed based on the operation data of 

the target HVAC systems. For the HVAC systems with abundant historical operation 

data, the MPC strategy can be developed in about two weeks. While for the cases that 

historical operation data is unavailable, one month operation data is normally needed 

to be collected for the strategy development and the whole step will cost about 6 weeks. 

The detail descriptions of these steps are presented as follows. 

 Onsite system investigation is conducted to obtain the important information of the 

target HVAC system, including the system configuration, local control logic and 

available measurement points. 

 IoT gateway integration is conducted to realize the bidirectional data transmission 

between the cloud platform and the existing BAS. In this manner, the operation 

data of the HVAC system generated by the BAS can be obtained for further use, 

such as system performance analysis, development of the system model and 

optimization of system operation, and the optimal settings generated by the MPC 

strategy can be sent to the existing BASs for control execution.  

 Data processing is conducted to deal with the two main problems in the obtained 

raw operation data, which are non-standard name of data points, and data noise and 

outliers. Firstly, the data organization is conducted to map the original data to 

standard tagging scheme. The organized data is then processed to deal with the 

noise and outliers. In real applications, the noise and outliers can be generated by 

various problems, such as improper installation of sensors, sensor bias and faults, 
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so the algorithms for dealing with the data noise and outliers needs to be developed 

accordingly. 

 MPC strategy development is conducted to develop MPC strategy for the target 

HVAC system according to the collected system information and processed data. 

In this step, the prediction model of the system, the objective function in 

optimization and the optimization algorithms are developed. 

 Trial operation is conducted to test the reliability and effectiveness of the developed 

MPC strategy in test environment of the cloud platform before real applications. 

During the trial operation, the real-time data transmission, MPC strategy operation, 

and control settings delivery and execution will be tested.  

Once the whole system is proved to be reliable and robust during the trial operation, the 

MPC strategy will be encapsulated and deployed on the operation environment to 

optimize the operation of the target HVAC system continuously. 

  

Fig. 4. Standard workflow for implementation of the control retrofit approach 
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building, which is a three-floor airport terminal located in Zhejiang province, China, 

with about 16,500m2. The system information is obtained through onsite system 

investigation and relative materials, including design documents of the building HVAC 

system and the instructions of its BAS. The system configuration and original control 

strategy of the existing BAS are presented in Section 3.1. 

Since there is no historical operation data available in the existing BAS, the operation 

data is collected after the IoT gateway being integrated into the existing BAS. Through 

BACnet scanner, the available data points are obtained and there are totally 900 data 

points available in the BAS. Although not all data points are needed for development 

and operation of the MPC strategy, they are collected completely considering the use 

of system operation monitoring and further analysis. The acquired data is uploaded to 

the cloud through 4G network in 1-min interval. With the collected data, the MPC 

strategy for the HVAC system is developed and it is presented in Section 3.2. 

3.1 Target system description 

3.1.1 HVAC system configuration 

The schematic of the target HVAC system is shown in Fig. 5. The system consists of 

six air-cooled heat pumps (ACHPs), four variable speed chilled water pumps and six 

air handling units (AHUs). The nominal cooling capacity of each air-cooled heat pump 

is 602 kW under nominal working condition, i.e., at the chilled water supply 

temperature of 7 °C, chilled water flow rate of 28.8 L/s and ambient air temperature of 

35°C. Among the four chilled water pumps, three are associated with the ACHPs and 

the other one is stand by. The rated flow rate and power load of the chilled water pumps 

are 61.1 L/s and 45 kW, respectively. In order to prevent the ACHPs from suffering 

chilled water shortage, a bypass chilled water pipeline with a manual valve is built. The 

nominal cooling capacities of the AHUs are 280 kW, 280 kW, 320 kW, 320 kW, 245 

kW, 245 kW, respectively and their nominal fan power are 22 kW, 22 kW, 30 kW, 30 

kW, 22 kW, and 22 kW, respectively.  
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Fig. 5. Schematic of the target HVAC system 

3.1.2 Original control strategy of the HVAC system 
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water valve according to the difference between the set point and actual value. The fan 

frequency of an AHU is controlled according to the difference between the set point of 

indoor temperature and its real value. 

3.2 MPC strategy development 

The MPC strategy proposed in Section 2.1 is used in this HVAC system. Note that only 

cooling mode of the HVAC system is considered in this study since there is no available 

historical operation data of heating season. The proposed MPC strategy contains two 

parts, which are cooling optimization and ACHP sequencing optimization. Considering 

the building thermal inertia and system dynamics, the control time horizon of MPC is 

set as thirty minutes in this study and the optimization is conducted per ten minutes. 

3.2.1 Cooling optimization 

The optimization problem of cooling optimization is formulated as Eq. (2). The 

objective is to minimize the cooling output of the next three time steps and the 

constraints include the lower and upper bound of system cooling output, indoor average 

temperature, and the variation rate of the cooling outputs at two consecutive time steps. 

Where 𝐶𝐶𝐶𝐶𝐶𝐶𝑡𝑡 is the system cooling output at time 𝑡𝑡, 𝑇𝑇𝐼𝐼𝐼𝐼 is the average temperature of 

the indoor air, and subscripts lb, ub and var_rate represent, lower bound, upper bound 

and variation rate, respectively. 

 𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀 ∑ 𝐶𝐶𝐶𝐶𝐶𝐶𝑡𝑡3
𝑡𝑡=1  (2) 

subject to: �
𝐶𝐶𝐶𝐶𝐶𝐶𝑙𝑙𝑙𝑙 < 𝐶𝐶𝐶𝐶𝐶𝐶𝑡𝑡 < 𝐶𝐶𝐶𝐶𝐶𝐶𝑢𝑢𝑢𝑢
𝑇𝑇𝐼𝐼𝐼𝐼,𝑙𝑙𝑙𝑙 < 𝑇𝑇𝐼𝐼𝐼𝐼 < 𝑇𝑇𝐼𝐼𝐼𝐼,𝑢𝑢𝑢𝑢

𝐶𝐶𝐶𝐶𝐶𝐶𝑣𝑣𝑣𝑣𝑣𝑣_𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 ≤ 𝐶𝐶𝐶𝐶𝐶𝐶𝑣𝑣𝑣𝑣𝑣𝑣_𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟,𝑢𝑢𝑢𝑢

 

To solve the optimization problem, a building thermal dynamic model is needed for 

indoor average temperature prediction. Considering the low generality and modelling 

efficiency of traditional white-box model and the low extrapolation accuracy of pure 

data-driven model, a novel hybrid model which consists of a gray-box building thermal 

model and a data-driven residual prediction model is proposed Compared to traditional 

white-box models, the proposed model doesn’t rely on the detail information of the 

target building but only general thermodynamic analysis, and is therefore more easily 

and efficiently applied to different buildings. Meanwhile, owing to the informed 
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physics laws, the proposed hybrid can be more robust to outliers in the training dataset 

and has better performance in extrapolative prediction than the pure data-driven models. 

 

 

Fig. 6. Diagram of the development of the proposed hybrid building thermal model 

The development of the proposed hybrid model consists of four main steps as shown in 

Fig. 6. Firstly, a gray-box building thermal model for indoor average temperature 

prediction is derived based on domain knowledge. The unknown coefficients in the 

derived model are estimated using Least Squares based on the historical HVAC system 

operation data collected from the case study building. After the parameter estimation, 

the residual of the gray-box building thermal model is calculated and modeled using a 

machine learning method (i.e., Cubist [39]). In the last step, the hybrid model for indoor 

average temperature prediction is obtained by combining the physics-informed building 
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thermal model and the data-driven residual model. The details of each step are presented 

in the Appendix A.1. 

The schematic of the hybrid building thermal model is shown in Fig. 7. For one-step-

ahead prediction, the indoor average temperature, the outdoor air temperature, and the 

cooling supply of the last three steps as well as the current timestamp are required to 

predict the indoor average temperature of the next step. For multi-step-ahead prediction, 

the prediction results of the former time steps are recurrently used as the input to predict 

the indoor average temperature at the latter time steps. 

 

 
Fig .7. Schematic of the hybrid building thermal model 

In order to solve the cooling optimization problem presented as Eq. (2), Branch and 

Bound, a general optimization method for discrete and combinatorial optimization 

problems proposed in Operation Research, is adopted in this study [40]. Although the 

original optimization problem is continuous, it can be transformed into discrete and 

combinatorial optimization problem without sacrificing optimization performance 

considering the control and measurement precision of HVAC systems. 

3.2.2 ACHP sequencing optimization 

The optimization problem of ACHP sequencing optimization is formulated as Eq. (3). 

The objective is to minimize the power consumption of the cooling plant, which 

includes that of the ACHPs and pumps, through optimizing their operating numbers. 

The operating number of the water pumps is associated with that of the ACHPs as 

shown in Eq. (4). The constraints include the minimum requirement on the number of 

operating ACHPs and the limitation on the number of ACHPs that can change ON/OFF 

Gray-box building 
thermal model

Data-driven residual 
model
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status. 

 𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀 ∑ �𝑃𝑃ℎ𝑝𝑝,𝑡𝑡�𝑁𝑁ℎ𝑝𝑝,𝑇𝑇𝑐𝑐ℎ𝑤𝑤𝑤𝑤,𝑇𝑇𝑑𝑑𝑑𝑑 ,𝐶𝐶𝐶𝐶𝐶𝐶𝑡𝑡� + 𝑃𝑃𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝,𝑡𝑡�𝑁𝑁ℎ𝑝𝑝,𝑁𝑁𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝,𝑑𝑑𝑑𝑑��3
𝑡𝑡=1  (3) 

 𝑁𝑁𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 = �𝑁𝑁ℎ𝑝𝑝
2
� (4) 

𝑠𝑠𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢 𝑡𝑡𝑡𝑡: �
𝑁𝑁ℎ𝑝𝑝 ≥ 𝑁𝑁𝑚𝑚𝑚𝑚𝑚𝑚

𝑁𝑁𝑐𝑐ℎ𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎 ≤ 𝑁𝑁𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎
 

Where 𝑃𝑃ℎ𝑝𝑝,𝑡𝑡 and 𝑃𝑃𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝,𝑡𝑡 are the power consumption of operating ACHPs and pumps 

at time t, 𝑁𝑁ℎ𝑝𝑝 and 𝑁𝑁𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 are the number of ACHPs and pumps in operation, 𝑁𝑁𝑚𝑚𝑚𝑚𝑚𝑚 is 

the minimum number of ACHPs needed to be turned on, 𝑁𝑁𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎 is the number of 

ACHPs that can change ON/OFF status, 𝑇𝑇𝑐𝑐ℎ𝑤𝑤𝑤𝑤 and 𝑇𝑇𝑑𝑑𝑑𝑑 are the chilled water supply 

temperature and outdoor dry bulb temperature, 𝑑𝑑𝑑𝑑 is the differential pressure of the 

chilled water system. 

Simplified models of the ACHPs and pumps are developed to predict the power 

consumption of the cooling plant. The ACHPs used in this system can modulate their 

cooling capacities in four steps, i.e., 25%, 50%, 75%, and 100%, denoted as stage 1 to 

stage 4. The performance of the ACHPs sizably varies from one stage to another and 

the operating capacity of the ACHPs are controlled by the built-in control logic. 

Therefore, in order to predict the power consumption of an ACHP, its operation stage 

needs to be determined first. In this study, a hybrid model which includes a stage 

prediction module and a power prediction module is developed for the power prediction 

of one ACHP. Fig. 8 presents the schematic of the hybrid model. Based on the total 

cooling output (𝐶𝐶𝐶𝐶𝐺𝐺𝑡𝑡𝑡𝑡𝑡𝑡 ), the number of operating ACHPs (𝑁𝑁ℎ𝑝𝑝 ), the chilled water 

supply temperature (𝑇𝑇𝑐𝑐ℎ𝑤𝑤𝑤𝑤), and dry bulb temperature (𝑇𝑇𝑑𝑑𝑑𝑑), the operating stages and 

the cooling outputs of the ACHPs (𝐶𝐶𝐶𝐶𝐶𝐶1, … ,𝐶𝐶𝐶𝐶𝐶𝐶𝑘𝑘) are determined. According to the 

determined operation stages and cooling outputs of the ACHPs as well as the 𝑇𝑇𝑐𝑐ℎ𝑤𝑤𝑤𝑤 

and 𝑇𝑇𝑑𝑑𝑑𝑑, the power consumption of the operating ACHPs can be obtained. The detail 

description of the developed model is presented in the Appendix A.2. 

 

Stage 
prediction 
module

Power 
prediction 
module
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Fig. 8. Schematic of the ACHP power prediction model 

In order to solve the sequencing optimization problem presented as Eq. (3), exhaustive 

search is adopted as the optimization method in this study since the potential solution 

of the problem is limited. 

4 Field test and analysis 

4.1 Model validation 

Based on the collected operation data through the integrated IoT gateway, the cooling 

plant power model and the building thermal model were trained and validated. The 

operation data from 5th July to 7th Aug 2022 (34 days in total) were used for model 

training and the data from 8th to 11th Aug 2022 (four days in total) were used for testing. 

4.1.1 Validation of cooling plant power model 

The cooling plant power model, which includes the ACHP and chilled water pump 

models, is used to predict the plant power consumption. Fig. 9 compares the measured 

and predicted power consumption of the cooling plant during the four test days. It can 

be seen that although the total power consumption of the cooling plant changed 

stepwise in certain periods due to the switching of operation stage of the operating 

ACHPs, the prediction results match the measured values closely in the whole time 

period. The prediction error was less than 5% except for one test case as shown in Fig. 

10, indicating the effectiveness of the cooling plant model. 

 

Fig .9. Comparison between the predicted and measured cooling plant power consumption 
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Fig. 10. Prediction error of the cooling plant power model 

 

4.1.2 Validation of building thermal model 

The building thermal model is used to predict the indoor average temperature in the 

next 30 minutes. Fig. 11 compares the measured and predicted indoor average 

temperature of the air-conditioned area in the studied building during the four testing 

days. It can be seen that the predicted indoor average temperature highly approximated 

the measured values during the testing days and the RMSE (Root Mean Square Error) 

between the measured and predicted indoor average temperature was 0.12 °C. The 

relative prediction error of the model was less than 5% as shown in Fig. 12, and the 

absolute error was lower than 0.2°C in most of the cases, indicating the effectiveness 

of the building thermal model. 

 

Fig. 11. Comparison between the measured and predicted indoor average temperature. 

±5%

Pr
ed

ic
te

d 
po

w
er

 c
on

su
m

pt
io

n 
(k

W
)

0

100

200

300

400

500

600

0 100 200 300 400 500 600
Measured power consumption (kW)

23.0

24.0

25.0

26.0

27.0

28.0

8/8/2022 8/9/2022 8/10/2022 8/11/2022 8/12/2022
Date

Measured value Predicted value

In
do

or
 a

ve
ra

ge
 te

m
pe

ra
tu

re
(°

C
)



25 

 

 

Fig. 12. Prediction error of the building thermal model 

 

4.2 Performance evaluation 

The control retrofit for this HVAC system was completed at 22nd Sep 2022, and the 

deployed MPC strategy continuously optimized the operation of the HVAC systems 

until the end of the cooling season, 6th Oct. During the 15 days running, the operation 

of the MPC strategy and the bidirectional information transmission between the cloud 

platform and the existing BAS were stable. 

In order to evaluate the performance of the MPC strategy in energy saving and thermal 

comfort improvement, the system power consumption and indoor average temperature 

under MPC strategy are compared with those under original RBC strategy at the similar 

days. During the operation period after control retrofit, the cooling load of the building 

is very small at most of the operation time and one ACHP operates at the stage 2, i.e., 

the stage with the smallest cooling capacity, can fulfill the cooling demand. In such 

cases, the advantage of the MPC strategy in optimizing the system cooling output and 

ACHP operating number cannot be reflected. Fortunately, the building cooling load 

increased a little during 30th Sep to 2nd Oct due to the increase of the outdoor air 

temperature. Therefore, the performance of the MPC strategy during the three typical 

days is analyzed in detail. 

4.2.1 Determination of similar days 

The outdoor dry bulb temperature and the relative humidity, which are highly correlated 

20

22

24

26

28

20 22 24 26 28
Measured indoor average temperature (℃)

±5%

Pr
ed

ic
te

d 
in

do
or

 a
ve

ra
ge

 te
m

pe
ra

tu
re

 (℃
)



26 

 

to the cooling load, are the variables concerned while determining the similar days. The 

mean absolute difference (MAD) and mean absolute percentage difference (MAPD) of 

the two variables between the days using MPC strategy and the days using RBC 

strategy are calculated to quantify the similarity. Based on the four indicators, i.e., MAD 

and MAPD of outdoor dry bulb temperature (MADdb, MAPDdb), MAD and MAPD of 

relative humidity (MADrh, MAPDrh), the most similar day to a selected day can be 

determined. In this study, the most similar days are determined through two steps. 

Firstly, the days with MADdb<1.5 ℃ and MADrh<10% are filtered out as the qualified 

days. Then, the day with the minimum value of the sum of MAPDdb and MAPDrh 

among the qualified days is determined as the most similar day. 

The similarities among the days using RBC strategy (from 1st Aug to 20th Sep) and the 

days using MPC strategy are evaluated based on the four indicators and the most similar 

days are identified according to the evaluation results. Fig. 13 presents the values of 

MADdb and MADrh among the days using the RBC strategy and 30th Sep, and the values 

of the sum of MADPdb and MAPDrh of the qualified days. It can be seen that among the 

four qualified days, 13th Sep, with the MAPDsum of 0.0861 is the most similar day to 

30th Sep. Similarly, as show in Fig. 14 and Fig. 15, the most similar days to 1st Oct and 

2nd Oct are 11th Sep (MAPDsum is 0.1109) and 28th Aug (MAPDsum is 0.1156), 

respectively. 

 
 (a) MADdb and MADrh of all the days. (b) MAPDsum of the qualified days 

Fig. 13. Values of the indicators between the days using RBC strategy and 30th Sep. 
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 (a) MADdb and MADrh of all the days. (b) MAPDsum of the qualified days 

Fig. 14. Values of the indicators between the days using RBC strategy and 1st Oct. 

 
 (a) MADdb and MADrh of all the days. (b) MAPDsum of the qualified days 

Fig. 15. Values of the indicators between the days using RBC strategy and 2nd Oct. 

Fig. 16 presents the comparison of the dry bulb temperature and relative humidity of 

the three groups of similar days. It can be seen that the dry bulb temperature and relative 

humidity of each group of similar days are very close, indicating the cooling demand 

should be close. Therefore, it is reasonable to evaluate the performance of the MPC 

strategy through comparing the system energy consumption and indoor thermal comfort 

of the selected similar days. 

 

 

 (a) Group 1 (b) Group 2 (c) Group 3 

Fig. 16. Comparison of the dry bulb temperature and relative humidity of the similar days 

 

0.1962 

0.1570 
0.1683 

0.1555 0.1446 

0.1109 

0.00

0.04

0.08

0.12

0.16

0.20

0.24

8/2 8/14 8/28 9/3 9/4 9/11
0

10

20

30

40

0.0

1.5

3.0

4.5

6.0

7/28 8/7 8/17 8/27 9/6 9/16 9/26

MAD_db MAD_rh

Su
m

 o
f M

A
PD

_d
b

an
d 

M
A

PD
_r

h

M
A

D
 o

f d
ry

 b
ul

b 
te

m
pe

ra
tu

re
(℃

)

M
A

D
 o

f r
el

at
iv

e 
hu

m
id

ity
 (%

)

0.1610 

0.1156 

0.1535 

0.1258 

0.00

0.04

0.08

0.12

0.16

0.20

8/14 8/28 8/31 9/11
0

10

20

30

40

0.0

1.5

3.0

4.5

6.0

7/28 8/7 8/17 8/27 9/6 9/16 9/26

MAD_db MAD_rh

Su
m

 o
f M

A
PD

_d
b

an
d 

M
A

PD
_r

h

M
A

D
 o

f d
ry

 b
ul

b 
te

m
pe

ra
tu

re
(℃

)

M
A

D
 o

f r
el

at
iv

e 
hu

m
id

ity
 (%

)

20

22

24

26

28

30

6:35 10:35 14:35 18:35

Tdb_9/30 Tdb_9/13
 rh_9/30  rh_9/13

6:35 10:35 14:35 18:35

Tdb_10/1 Tdb_9/11
 rh_10/1  rh_9/11

D
ry

 b
ul

b 
te

m
pe

ra
tu

re
 (℃

)

R
el

at
iv

e 
hu

m
id

ity
 (%

)

0

20

40

60

80

100

120

6:48 10:48 14:48 18:48

Tdb_10/2 Tdb_8/28
 rh_10/2 rh_8/28



28 

 

4.2.2 Energy performance 

Fig. 17 presents the optimized cooling output and the actual system cooling output 

using the MPC strategy and the RBC strategy. It can be seen that the system cooling 

outputs when using the MPC strategy were obviously smaller than those of using RBC 

strategy. Fig. 18 presents the set points and actual values of the chilled water supply 

temperature when using the MPC strategy and RBC strategy. The set points and the 

actual values of the chilled water supply temperature when using the MPC strategy 

were obviously higher than those of using the original RBC strategy. This is because 

that the MPC strategy optimized the system cooling output according to the prediction 

results of the building thermal model and adjusted the chilled water supply temperature 

to control the system cooling output. In this means, the system cooling output was 

controlled according to the actual building cooling demand and therefore the redundant 

cooling output was reduced or even eliminated. While the RBC strategy adjusted the 

chilled water supply temperature according to the wet bulb temperature only and 

redundant cooling output cannot be avoided. It is worth noting that, since the ACHPs 

used in this system cannot modulate its output smoothly, there always exists difference 

between the set points and the measured values of the chilled water supply temperature 

and system cooling output when using both strategies.  

 

 

Fig. 17. System cooling output when using MPC and RBC strategies 
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Fig. 18. Set points and actual values of chilled water supply temperature using MPC and RBC 

strategies 

Through the optimization and control of the system cooling output, MPC strategy 

showed superior energy performance than the RBC strategy. Fig. 19 compares the 

system daily energy consumption, which is the sum of the daily energy consumption of 

the operating ACHPs, CHWPs and AHUs, when using the MPC strategy and RBC 

strategy in the similar days. It can be found that, the system energy consumption was 

obvious smaller when using the MPC strategy compared with that of the similar days 

when using RBC strategy. The detailed statistical data is presented in Table. 1. The 

energy savings of the three days were 1493.73 kWh (37.3%), 364.32 kWh (10.6%) and 

1034.65 kWh (23.7%), respectively. It can be found that the energy savings mainly 

come from the reduction of the energy consumption of ACHPs. The main reason is that 

the high chilled water supply temperature reduced the cooling output of the ACHPs and 

improved their energy efficiency. It can also be observed the energy consumption of the 

AHUs when using MPC strategy were higher than that of using RBC strategy in group 

2 and group 3. The main reason is that the volume of cooled air required for maintaining 

indoor temperature was larger when using the MPC strategy, as the supply air 

temperature of the AHUs were higher due to the higher chilled water supply 

temperature. 

It is a pity that the performance of the sequencing optimization cannot be evaluated due 

to the small cooling load in the testing days. Its performance will be evaluated in the 

operation of next cooling season. 
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Fig. 19. Comparison of the system power consumption of the similar days 

Table. 1. Comparison of the power consumption of the similar days 

Group 
NO. 

Control 
strategy 

Energy end-use (kWh) Total energy 
consumption 
(kWh) 

Energy  
savings 
(kWh) 

Energy 
saving  
rate ACHPs Pumps AHUs 

1 
MPC 1576.91 418.94 519.95 2515.80 1493.73 37.25% 

RBC 3074.27 419.08 516.18 4009.54 - - 

2 
MPC 1947.54 417.99 723.14 3088.66 364.32 10.55% 

RBC 2447.15 416.56 589.26 3452.97 - - 

3 
MPC 1938.78 404.86 981.05 3324.70 1034.65 23.73% 

RBC 3039.34 384.46 935.54 4359.34 - - 

 

4.2.3 Indoor thermal comfort 

Through optimizing the system cooling output according to the cooling demand, the 

indoor comfort was obviously improved after the control retrofit, i.e., when using the 

MPC strategy. The indoor average temperature is adopted as the indicator of the indoor 

thermal comfort in this study. According to the design code for heating ventilation and 

air conditioning of civil buildings [41], 24 ℃ to 26 ℃ is recommended as the most 

comfortable indoor temperature region in cooling season. Fig. 20 presents the indoor 

average temperature distribution of the three groups of similar days. The overcooling 

phenomenon, i.e., the indoor average temperature is lower than 24 ℃, was very 

common when using the RBC strategy, especially in group 1 and group 3. When using 
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MPC strategy, the indoor average temperature was controlled between 24 ℃ to 26 ℃ 

at most of the time. The percentage of the time that the indoor temperature was kept in 

the comfort region of the three days when using RBC strategy were 2.42%, 70.59% and 

16.02%, respectively. When using the MPC strategy, the percentages were improved to 

83.97%, 100% and 98.94%, respectively. 

 
Fig. 20. Indoor average temperature comparison when using MPC and RBC strategies 

4.2.4 Detail analysis 

The test results show that the MPC strategy has superior performance in both energy 

saving and indoor thermal comfort than the RBC strategy. In order to investigate the 

advantage of the MPC strategy, the operation of the HVAC system under the two 

strategies are analyzed in detail. 

Both the MPC strategy and RBC strategy are used to optimize the set points of the 

cooling plant and the set points of the AHUs, which include the set points of supply air 

temperature and indoor temperature, are adjusted by the operators manually. According 

to the operation record, the set points of the supply air temperature are kept constant in 

the six days concerned, which are 18 ℃. The set points of the indoor temperature are 

the same, i.e., 26 ℃, in the concerned six days except for 28th Aug. The set points of 

the six AHUs are set to be 26 ℃, 26 ℃, 23 ℃, 23 ℃, 25 ℃, 25 ℃, respectively in 28th 

Aug. Actually, this is an experience-guided rule used by the operators to avoid 

insufficient cooling supply of the four AHUs located in the second floor of the airport 
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terminal. The set points of the AHUs will be set to be lower at the beginning of July 

and reset to be 26℃ at the beginning of September. The reason is that the cooling 

demand of the four region is relatively larger. It is worth noting that, the adjustment of 

the set points doesn’t indicate that the target indoor air temperature of the four regions 

are lower. The expected indoor air temperature of the six AHUs is still 24℃~28℃. 

Fig. 21 presents the fan frequency, return air temperature and supply air temperature of 

the six AHUs at the three groups of similar days. It can be found that, no matter the set 

points of the AHUs are the same or not, the MPC strategy reduced the overcooling in 

AHU1 and AHU2 compared with that using RBC strategy, and maintained the indoor 

temperature of the other AHUs within the expected range. The main reason is that the 

MPC control strategy can further reduce the cooling output of the system by adjusting 

the water supply temperature when the air side regulation reaches the limit. Taking 

AHU1 as an example, during the operation in the three groups of similar days, its fan 

frequency kept at the lowest value (35 Hz), when using both of two strategies, which 

indicates that the cooling output cannot be reduced any more by the regulation of the 

AHU. In such cases, when the MPC strategy is used, the supply air temperature of the 

AHU was higher due to the supply of higher chilled water supply temperature, which 

further reduced the system cooling output. Owing to the accurate prediction of the 

indoor temperature by the building thermal model, the return air temperature of the 

AHUs with relatively higher cooling demand were maintained within the expected 

range with the reduced system cooling output. 

It is possible to formulate a RBC strategy to realize the system cooling output reduction 

as the MPC strategy through adjusting the chilled water supply temperature according 

to the return air temperature. However, without the prediction of the indoor temperature, 

it’s hard to determine the set point of chilled water supply temperature which can reduce 

the system energy consumption while maintaining the indoor thermal comfort. As 

presented in the previous studies, the RBC strategies normally perform worse in energy 

savings and indoor thermal comfort than MPC strategies [22]. Moreover, in order to 

ensure the performance of such RBC strategies in practical applications, their 
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parameters such as the step of the adjustment and the threshold for determining the 

execution of adjustment, needed to be identified and configured carefully. Therefore, 

considering the large-scale applications of the control strategy, using MPC strategy 

would be more effective and efficient. 
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(c) Group 3 

Figure. 21. Fan frequency, return air temperature, and supply air temperature of the 

six AHUs in the three groups of similar days 

 

5 Conclusions 

This study proposes a lightweight and replicable control retrofit approach to improve 

the energy efficiency of the building HVAC systems adopting MPC strategies. A 

general MPC strategy is proposed for the energy conservation of HVAC systems with 

different configurations. A cloud-edge collaboration architecture is proposed to realize 

the integration of the MPC strategies with the existing BASs without modifying the 

original control logics. With the help of the scalability and distributed computing 

capabilities of the cloud computing platform, multiple MPC strategies can be deployed 

on the cloud platform to optimize the operation of the HVAC systems through 

interacting with their existing BASs. The proposed control retrofit approach is expected 

to be able to provide lightweight control retrofit services for large number of existing 

building HVAC systems. 

The proposed control retrofit approach was implemented in a real-life airport terminal 

and the MPC strategy showed superior performance than the original RBC strategy in 

the existing BASs both in energy and thermal comfort. Compared with the similar days 

before the control retrofit, the system energy consumption was reduced by 37.3% 
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(1493.73 kWh), 10.6% (364.32 kWh) and 23.7% (1034.65 kWh), respectively, and the 

percentages of the discomfort time were reduced from 97.58%, 29.41% and 83.98% to 

16.03%, 0.00% and 1.06%, respectively. Moreover, the proposed hybrid building 

thermal model was proven to be effective in predicting indoor temperature. During the 

test period, the prediction error was lower than 0.2 °C in most of the cases and the 

RMSE was 0.12 °C. 

Further efforts will be devoted to developing model update mechanism to ensure the 

prediction accuracy of the system models. Since the effectiveness of the MPC strategies 

highly relies on the accuracy of the prediction models, and the model performance 

could become worse in continuous operation due to the variation of the working 

conditions and the equipment performance.  

 

 

Appendix 

A.1 Hybrid building thermal model 

A.1.1 Gray-box building thermal model 

Considering the case study building as a whole, according to the law of conservation of 

energy, the heat balance equation of the building can be represented as Eq. (A.1). 

 𝐶𝐶𝐼𝐼𝐼𝐼�𝑇𝑇𝐼𝐼𝐼𝐼,𝑡𝑡1 − 𝑇𝑇𝐼𝐼𝐼𝐼,𝑡𝑡0� = ∆𝑄𝑄𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 + ∆𝑄𝑄𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒 + ∆𝑄𝑄𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 + ∆𝑄𝑄𝐴𝐴𝐴𝐴 + ∆𝑄𝑄𝐼𝐼𝐼𝐼𝐼𝐼 (A.1) 

Where CIA is the heat capacity of the indoor air [kJ/K], TIA is the indoor average 

temperature, ΔQcooling stands for the cooling energy [kJ] provided to the indoor air 

between t0 and t1, ΔQenve, ΔQsolar, and ΔQAE indicate the heat gains caused by heat 

transfer through the building envelope, solar radiation, and air exchange between indoor 

and outdoor, respectively, and ΔQIHG indicates the internal heat gains caused by 

occupants’ activities, lighting, and electricity appliances, etc. ΔQenve can be calculated 

according to Eq. (A.2). 

 ∆𝑄𝑄𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒 = (𝑇𝑇𝑂𝑂𝑂𝑂−𝑇𝑇𝐼𝐼𝐼𝐼
𝑅𝑅𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒

)∆𝑡𝑡 (A.2) 

Where TOA is the outdoor air temperature, Renve is the equivalent thermal resistance of 
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the building envelope [K/kW] and is considered as a constant for simplification, and Δt 

stands for the time length between t0 and t1. 

ΔQsolar, ΔQAE and ΔQIHG of a building cannot be easily measured in practice. However, 

the heat gains are considerably influenced by factors that have strong periodicity, such 

as solar irradiance, weather and building occupancy [42]. A spectrum analysis [43] is 

conducted on the solar irradiance data of the case study site (from a typical 

meteorological year database [44]) and the occupancy data of another airport terminal 

building in China (from Ref. [45]) to illustrate the periodicity of the factors. According 

to Fig. A.1 a), the most considerable periods in the solar irradiance data include one 

year (8760 hour), one day (24 hour), a half day (12hour) and these around one hour, 

which can be interpreted as annual, daily, and intra-day variabilities. While the period 

of one year, one day and a half day are mostly due to the nature of sun, the periods 

around one hour is caused by occasional factors, such as cloud and measurement noise, 

that can be eliminated from the prediction model to avoid overfitting [46]. In Fig. A. 1 

b), the most considerable periods in the occupancy data include one year (8760 hour), 

one day (24 hour) and these around one hour, which can be interpreted as annual, daily, 

and intra-daily variabilities. for simplicity, ΔQsolar, ΔQAE and ΔQIHG are not described 

in detail but innovatively aggregated as one term that can be represented using Fourier 

series. Accordingly, the three variables can be expressed as in Eq. (A.3). 

∆𝑄𝑄𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 + ∆𝑄𝑄𝐴𝐴𝐴𝐴 + ∆𝑄𝑄𝐼𝐼𝐼𝐼𝐼𝐼 = ∆𝑄𝑄𝑎𝑎𝑎𝑎𝑎𝑎 = 𝑎𝑎0
2

+ ∑ �𝑎𝑎𝑛𝑛 cos 2𝜋𝜋
𝐿𝐿
𝑛𝑛𝑛𝑛 + 𝑏𝑏𝑛𝑛 sin 2𝜋𝜋

𝐿𝐿
𝑛𝑛𝑛𝑛�𝑁𝑁

𝑛𝑛=1  (A.3) 

Where ΔQagg stands for the aggregated heat gain term, a0, an and bn (n=1, 2, …, N) are 

coefficients to be estimated, N is the number of orders of the Fourier series, L is the 

period of the aggregated heat gain term, and t stands for time. 
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(a) Solar irradiance 

 
b) Occupancy 

Fig. A. 2. Spectrum analysis of influencing factors of aggregated heat gains in an airport in China. 

 

In this study, L and N are determined based on the aforementioned spectrum analysis 

(Fig. A. 1.). Obviously, L should be chosen as large as possible (e.g., one year) to cover 

the whole most considerable periods (i.e., 1 hour, 12 hour, 24 hour and one year) as 

shown in Fig. A.2. However, since the time length of dataset for model training is 

usually from a couple of weeks to a few months in practical, thus L of one year is 

meaningless and L of 24 hour is chosen. Similarly, N should be chosen as large as 
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possible to contain the high-frequency intra-day variabilities with shorter periods, e.g., 

one hour or less. However, since the variabilities of periods around one hour maybe 

caused by some occasional factors (e.g., cloud movement and measurement noise) and 

the building with high thermal inertial is insensitive to such high-frequency variabilities, 

these part of variabilities are thus not considered to avoid overfitting and improve the 

generality of the model. Therefore, the value of L and N are set to be 24 hour and 2 

respectively, which means that the Fourier expansion of the aggregated heat gains term 

contains the variabilities of period 24 hour and 12 hour. 

According to Eq. (A.1) to Eq. (A.3), the indoor average temperature at t1 can be 

calculated using Eq. (A.4). 

 𝑇𝑇𝐼𝐼𝐼𝐼,𝑡𝑡1 =
∆𝑄𝑄𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐+(𝑇𝑇𝑂𝑂𝑂𝑂−𝑇𝑇𝐼𝐼𝐼𝐼𝑅𝑅𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒

)∆𝑡𝑡+𝑎𝑎02 +∑ �𝑎𝑎𝑛𝑛 cos
2𝜋𝜋
𝐿𝐿 𝑛𝑛𝑛𝑛+𝑏𝑏𝑛𝑛 sin

2𝜋𝜋
𝐿𝐿 𝑛𝑛𝑛𝑛�

𝑁𝑁
𝑛𝑛=1

𝐶𝐶𝐼𝐼𝐼𝐼
+ 𝑇𝑇𝐼𝐼𝐼𝐼,𝑡𝑡0 (A.4) 

Since it is difficult to obtain the average temperature difference between indoor and 

outdoor air during Δt in practice, considering that the change of either indoor or outdoor 

air is small during a short time period, the average temperature difference from t0 to t1 

can be approximated using the instantaneous temperature difference at t0. Eq. (A.4) can 

consequently be expressed as Eqs. (A.5)-(A.7). 

𝑇𝑇𝐼𝐼𝐼𝐼,𝑡𝑡1 = 𝑐𝑐1�𝑇𝑇𝑂𝑂𝑂𝑂,𝑡𝑡0 − 𝑇𝑇𝐼𝐼𝐼𝐼,𝑡𝑡0� + 𝑐𝑐2 �∆𝑄𝑄𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 + 𝑎𝑎0
2

+ ∑ �𝑎𝑎𝑛𝑛 cos 2𝜋𝜋
𝐿𝐿
𝑛𝑛𝑛𝑛 + 𝑏𝑏𝑛𝑛 sin 2𝜋𝜋

𝐿𝐿
𝑛𝑛𝑛𝑛�𝑁𝑁

𝑛𝑛=1 � + 𝑇𝑇𝐼𝐼𝐼𝐼,𝑡𝑡0  (A.5) 

 𝑐𝑐1 = 1
𝐶𝐶𝐼𝐼𝐼𝐼𝑅𝑅𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒

 (A.6) 

 𝑐𝑐2 = 1
𝐶𝐶𝐼𝐼𝐼𝐼

 (A.7) 

Eq. (A.5) is the gray-box building thermal model used for indoor average temperature 

prediction, where TIA,t1 is the indoor average temperature to be predicted, TOA,t0, TIA,t0, 

ΔQcooling and t are predictor variables, a0, an, bn, c1, and c2 are coefficients to be 

estimated, N and L are hyper-parameters to be determined by the user. In this study, N 

and L are set to be one week and 28 respectively determined by trial and error, which 

means the period and fundamental period of the aggregated term is one week and 1/4 

day, respectively. 

The unknown coefficients in the derived model, i.e., Eq. (A.5), including a0, an, bn, c1, 

and c2 (n=1, 2, …, N), are estimated using historical system operation data of the case 
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study building. Since c1 and c2 in the model cannot be negative from the perspective of 

physics, a non-negative least squares method proposed by Lawson and Hanson [47] is 

utilized in this study to estimate the two coefficients. 

 

A.1.2 Data-driven residual model 

Due to the complicity of the thermal transfer in a building, the non-linearity relationship 

between the indoor average temperature and the independent variables, such as outdoor 

air temperature and amount of cooling energy, cannot be completely captured by the 

simplified gray-box model, which contributes to the residuals between the measured 

and predicted values. In order to improve the prediction accuracy of the gray-box model, 

a residual prediction model is developed to predict its prediction residuals. Since 

machine learning methods commonly show good performance in modelling non-

linearity relationships, a machine learning model is trained to predict the residuals. In 

this study, Cubist [39] is used for the modelling of residuals considering its better 

performance in extrapolation compared to most other machine learning algorithms. 

Cubist is a machine learning algorithm that aggregates multiple model trees to generate 

an ensemble model with higher accuracy. Each model tree in the ensemble model has a 

tree-like structure which is similar to a regression tree, while the constant value in each 

terminal node of the regression tree is replaced by a linear regression model. 

A.2 Air-cooled heat pump model 

A.2.1 Stage prediction module 

As aforementioned, the stage prediction module is responsible for the prediction of the 

operation stage and the individual cooling outputs of the ACHPs. For this problem, 

data-driven model is an effective method since the control logic of the ACHP operation 

stage is unknown. However, the accuracy of the data-driven models highly relies on the 

diversity and accuracy of the training data. Once the testing data is out of the range of 

the training data set, data-driven models are likely to generate incorrect results. 

Therefore, in this study, a revision scheme is developed to revise the predicted operation 

stages by the data driven model and therefore improve the prediction accuracy. 
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The schematic and prediction process of the stage prediction module is presented in Fig. 

A.2. According to the input data, including the system total cooling output (𝐶𝐶𝐶𝐶𝐺𝐺𝑡𝑡𝑡𝑡𝑡𝑡), 

the number of operating ACHPs (𝑁𝑁ℎ𝑝𝑝), the chilled water supply temperature (𝑇𝑇𝑐𝑐ℎ𝑤𝑤𝑤𝑤) 

and the ambient dry bulb temperature (𝑇𝑇𝑑𝑑𝑑𝑑), operation stages of the operating ACHPs 

are predicted using the decision tree models. Then, capacity models are used to predict 

the capacities of the operating ACHPs at the predicted stages. According to the 

difference between the sum of the predicted cooling capacities and the total system 

cooling output, the predicted operation stages are revised until the difference is less 

than the threshold (ε) or the revision loop has been conducted for more than two times. 

The threshold value is ten percent of the total system cooling output in this case. With 

the determined stage and corresponding cooling capacities of the operating ACHPs, the 

individual cooling outputs of the ACHPs are calculated. 

The capacity models for the ACHPs are shown as Eq. (A.8).  

 𝐶𝐶𝐶𝐶𝐶𝐶 = 𝑑𝑑1 × 𝑇𝑇𝑐𝑐ℎ𝑤𝑤𝑤𝑤 + 𝑑𝑑2 (A.8)  

Where 𝐶𝐶𝐶𝐶𝐶𝐶 is the cooling capacity of one ACHP at a stage, 𝑇𝑇𝑐𝑐ℎ𝑤𝑤𝑤𝑤 is the chilled water 

supply temperature, 𝑑𝑑1  and 𝑑𝑑2  are the coefficients. Since the performance of the 

heating pump sizably varies from one stage to another, the coefficients of the capacity 

models for one ACHP of stage 2, stage 3 and stage 4 need to be determined separately. 

Stage 1 is not considered in the prediction model since it is only lasted for a very short 

time (normally less than 10 minutes) during the starting up or shut down period. 
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Fig. A.2. Schematic of the stage prediction module 

A.2.2 Power prediction module 

With the predicted operation stages and cooling outputs of the operating ACHPs, their 

power consumption can then be predicted. To the best of the authors’ knowledge, there 

is no available air-cooled heat pump model that is suitable for this study. Therefore, a 

verified multivariate polynomial model [48] for the water-cooled chiller was referred 

to develop the energy usage prediction models for the ACHPs in this study. The 

formulas used in this study to predict the energy usage of an ACHP is shown as 

following. 

𝐶𝐶𝐶𝐶𝐶𝐶 = 𝛽𝛽0 + 𝛽𝛽1𝐶𝐶𝐶𝐶𝐶𝐶 + 𝛽𝛽2𝑇𝑇𝑐𝑐ℎ𝑤𝑤𝑤𝑤 + 𝛽𝛽3𝑇𝑇𝑑𝑑𝑑𝑑 + 𝛽𝛽4𝐶𝐶𝐶𝐶𝐶𝐶2 + 𝛽𝛽5𝑇𝑇𝑐𝑐ℎ𝑤𝑤𝑤𝑤2 + 𝛽𝛽6𝑇𝑇𝑑𝑑𝑑𝑑2 +

𝛽𝛽7𝐶𝐶𝐶𝐶𝐶𝐶𝑇𝑇𝑐𝑐ℎ𝑤𝑤𝑤𝑤 + 𝛽𝛽8𝐶𝐶𝐶𝐶𝐶𝐶𝑇𝑇𝑑𝑑𝑑𝑑 + 𝛽𝛽9𝑇𝑇𝑑𝑑𝑑𝑑𝑇𝑇𝑐𝑐ℎ𝑤𝑤𝑤𝑤 (A.9) 

 𝑃𝑃𝑐𝑐ℎ𝑖𝑖 = 𝐶𝐶𝐶𝐶𝐶𝐶
𝐶𝐶𝐶𝐶𝐶𝐶

 (A.10) 

Where COP is the coefficient of performance, 𝐶𝐶𝐶𝐶𝐶𝐶 is the cooling output, 𝑇𝑇𝑑𝑑𝑑𝑑 is the 

outdoor dry-bulb temperature, 𝑇𝑇𝑐𝑐ℎ𝑤𝑤𝑤𝑤 is the chilled water supply temperature, and 𝛽𝛽0 

to 𝛽𝛽9 are coefficients need to be identified according to the operation data. 

Decision tree 
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Capacity models

Operating stages and cooling 
outputs of the ACHPs

No

Yes

Input data

Yes

No

Revision scheme
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It is worth noting that, although the six ACHPs have the same nominal capacities, their 

performance are diverse with each other because of the different degrees of 

performance degradation. Therefore, the model parameters of the six ACHPs are 

needed to be identified according to their operation data separately. 

A.3 Chilled water pump model 

Four chilled water pumps are connected in parallel in the studied system, in which three 

for use and one for backup. The electric power of a pump depends on the water flow 

rate and its frequency. When the pressure difference between supply and return water 

pipes is constant, the flow rate of the pump is determined by the resistance of the pipe 

network and pump frequency. The operation data of the system show that the openings 

of the terminal water dampers have little influence on the resistance of the pipe network 

and the number of operating ACHPs and pumps is the main factor affecting the 

resistance of the pipe network. The main reason is that the manual valve of the bypass 

pipeline keeps wide open. Therefore, when the operating number of ACHPs and chilled 

water pumps are determined, the resistance of the pipe network can be regarded as 

constant. In such case, according to the affinity laws, the water flow rate (F) can be 

determined by the frequency (f) of the pump shown as Eq. (A.11). 

 𝐹𝐹
𝐹𝐹𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟

= 𝑓𝑓
𝑓𝑓𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟

 (A.11) 

Then, the pressure difference (𝑑𝑑𝑑𝑑) can be determined by the pump frequency (𝑓𝑓) as 

shown in Eq. (A.12).  

 𝑑𝑑𝑑𝑑 =  𝑔𝑔0 + 𝑔𝑔1𝑓𝑓 + 𝑔𝑔2𝑓𝑓2 (A.12) 

With the pump frequency obtained by solving Eq. (16) according to the measured 

pressure difference, the power consumption (𝑃𝑃𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 ) of the operating pump can be 

obtained according to Eq. (A.13). 

 𝑃𝑃𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 =  ℎ0 + ℎ1𝑓𝑓 + ℎ2𝑓𝑓2 + ℎ3𝑓𝑓3 (A.13) 

The coefficients 𝑔𝑔0,𝑔𝑔1,𝑔𝑔2 and ℎ0 to ℎ3 are various with the number of operating 

ACHPs and water pumps and need to be identified according to the corresponding 

operation data separately. 
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