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Chapter 1. Introduction

1.1 Research background
1.1.1  EMS (Energy Management System) data and utilization of the data

In a situation where the problem of global warming caused by industrialization is severe, with the
Paris Agreement [ 1], countries have agreed on a common goal of keeping the global temperature rise
below 2 degrees and preferably no more than 1.5degrees, by the end of the century. According to the
latest UNEP Emissions Gap report [2], reaching the 1.5degree target requires reducing global
emissions by at least 50% by 2030 and achieving carbon neutrality by 2050. According to the
International Energy Agency [3] report, the building and construction sector accounted for 36% of
global energy consumption in 2019. The carbon dioxide associated with energy use is 40% or 21% of
total carbon emissions. In addition, energy consumption is projected to increase by 50% by 2060,
driven by population growth and developments in the global economy and industry.

Decarbonization of the building and construction sector is very important to reduce the above-
mentioned global temperature rise rate. Accordingly, the International Energy Agency and the United
Nations [4-5] propose various scenarios and policies for decarbonization by 2050. For decarbonizing
buildings and construction parts, various measures and clear policies are in place throughout the entire
life cycle, such as design, low-carbon materials, efficient building envelope installation, and high-
efficiency lighting.

It is crucial to expand the introduction of the Energy Management System (EMS) for new and
existing buildings to find more efficient energy-saving measures in the building sector. The more we
collect data on buildings to create concrete ways to save energy in many ways, the more accelerated
decarbonizing the construction sector will be. Construction experts already had considered the
installation of EMS as necessary, and according to Grand View Research [6], the introduction of EMS
in buildings is increasing. EMS is widely applied in residential and commercial buildings, and it is an
indispensable system for energy saving throughout the city. It is indispensable for building and urban
energy saving because it can identify the detailed energy use status in real-time and prevent reckless
energy use and waste.

For the decarbonization of the building sector based on EMS, it is essential to find ways to save
energy using building energy models and simulation tools. Therefore, in the construction energy field,
energy performance simulation is used to apply the following energy saving methods.

¢ Introduction of new systems that use high-efficiency equipment and spend low energy
consumption
¢ Introduction of high-efficiency equipment that can save energy

¢ Effective operation methods for energy saving of existing buildings
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However, to more actively adopt and utilize these methods, two challenges remain to be considered
during simulation. The first is that the EMS data collected increases as buildings and systems grow in
size, but the collected data is not actively utilized in simulations or in the field. To actively and
appropriately utilize EMS, managers with a high level of expertise and data analysis capabilities for
real-world buildings and systems must grasp real-time operation status and apply timely operation
methods. However, there is a lack of such managers in the field, and it is not easy to find the optimal
system operation in a building with only the judgment of a field expert. After all, even if EMS is
currently installed in the field, it is not actively utilized other than data collection. In addition, the data
collected during simulation is only used as a benchmark for comparing simulation results, and the
calculation method using the collected simulation data is still incomplete. Therefore, it is necessary to
find ways to make the collected EMS data more readily available.

The second task is that building energy performance simulation using collected data requires a high
level of expertise, and a lot of expert time and effort are required to obtain reliable simulation results.
Modelers can arbitrarily perform modeling on uncertain variables or insufficient input/output
information during simulation based on individual subjective experience and judgment. Hence, if
modelers are different, get different simulation results for the same building and system. Since this
leads to reliability issues in simulation results, simulation tools and techniques need to be prepared
based on more quantitative evidence. Therefore, it is necessary to simulate the data-driven building

simulation method that minimizes the modeler's intervention based on quantitative evidence.

1.1.2 Conventional building simulation model based on data-driven method

The data-driven method extracts the characteristics of collected data, grasps and predicts target
values using the statics method. The method considers the data's characteristics and optimizes the
parameters inside the selected model to derive an answer with a minimized error. Recently, simulation
techniques using accumulated data are being developed in the building energy field as well. The data-
based simulation method is largely divided into a black box method and a gray box method.

The black box method has disadvantages in that it is difficult to understand the parameters inside
the model, and it is difficult to understand the correlation between the input value and the result value.
Therefore, in the case of a physical system, there is a limit to applying the black box method
considering only the data's characteristics.

First, the collected data has a reliability problem. A high-performance, accurate sensor with very
little error has been developed, but the actual measurement introducing such a sensor is still
insufficient. In addition, human-caused problems may occur in installing the sensor and recording data
independent of the sensor's performance. These issues lead to other issues like data loss and omissions.
After all, since the data to be used cannot be 100% reliable, the black box method using only the

characteristics of the collected data may cause problems from the beginning when applied to a physical
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system.

Next, in the case of a physical system, the relationship of the dependent variable according to the
independent variable was definite with several formulas. However, in the black-box method, data
calculation is based on mathematical and statistical characteristics, not physical characteristics. If we
get the result of the physical system in the black box method, we cannot know what kind of statistical
relationship the result is obtained from. Also, the results may be completely different from the actual
operating principle because the physical properties are not reflected.

To compensate for this problem, an efficient method in which physical characteristics are combined
with a black-box method is required when introducing it to a mechanical equipment system.
Accordingly, a gray-box method was developed that combines the white-box method (the first law-
based method) and the black-box method. Since this study intends to develop an energy performance
model for the HVAC&R (Heating, Ventilation, Air Conditioning and Refrigeration) system, it is
judged that the gray box method is more suitable than the black-box method for data utilization. To
this end, the gray box method was adopted, and the current status of other previous studies was
investigated.

Pugliese et al. [7] proposed a hybrid modeling approach that combines a gray-box model and a
Gaussian process for interior modeling of office buildings. He modeled the building with TRNSYS
and the HVAC system with MATLAB to predict the building's indoor temperature and energy
consumption. As a result, it has higher accuracy than the single modeling method. Pokorska-Silva et
al. [8] proposed a method to identify thermal parameters of building envelopes based on measurements
using multiple regression models. They estimated the model's parameters such as density, specific heat,
and thermal conductivity and created a model with high accuracy. Takagi et al. [9] proposed a gray-
box modeling method for the dynamic characteristics of building energy consumption for university
buildings in Japan. The secondary side heat capacity during heating was calculated using the ambient
temperature and current of the refrigerator. Data collected during the heating period were used, and
parameters were estimated using non-linear optimization. Braun et al. [10] created the field data an
inverse model and used it to predict the heating and cooling loads. The parameters for the secondary
cooling load are estimated using a global direct search algorithm, and the optimal parameters using
non-linear optimization. The results show the high accuracy of the modeling method. Li et al. [11]
proposed a method that integrates knowledge-based and data-based fault diagnosis to diagnose faults
in HVAC systems. Status data for dampers, cooling coil valves, heating coil valves, and supply fans
were used to diagnose faults by parts within the HVAC system. This method focuses on the system in
the air conditioning sector and tries to find faults based on the status information of valves or dampers
that can affect the device's operation rather than the device's performance.

Although the above studies have developed gray-box techniques for commercial buildings, studies

on the HVAC&R systems (e.g., plant area including chillers, boilers, cooling towers, heat storage tanks,
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etc.) are scarce. Existing studies have focused on predicting the maximum indoor load by considering
the building structure's thermal characteristics, the occupancy, and the amount of insolation. In
addition, most of the studies were on air conditioning systems closely related to indoor environments,
and in the case of fault diagnosis and optimal control algorithms, the algorithm itself is subjected to
machine learning calculations. On the other hand, the developed method is modeled for each device
using machine learning, and then optimal control and fault diagnosis algorithms are added according
to its performance in the future.

Other studies have attempted to compensate for these limitations by developing a gray box,
experience-based model of each unit of the HVAC&R system. Lee et al. [12] presents an evaluation
of six empirical (gray-box) models for predicting water-cooled chiller energy performance using over
1000 chiller data sets and field measurements from chiller manufacturers. As a result, it had the best
prediction accuracy for quadratic regression models and multivariate polynomial regression models.
Hydeman et al. [13] used the monitored data set in a regression model to model the cooling water
plant. This model can also be done with the empirical model, and they analyzed the device's behavior
by generating a calibrated simulation model for a real chiller. Arahal et al. [14] derived a thermal
storage tank model using the Simultaneous Perturbation Stochastic Approximation technique to tune
the serial gray-box model structure parameters. Estrada-Flores et al. [15] built and validated a gray-
box model of a cooling tank. They studied the requirements and sourcing of data for model
development and important validation concepts and measurements. Estrada emphasized the
importance and necessity of a hybrid method combining black and white models and revealed that it
is an efficient modeling technique. Singh et al. [16] proposed a feedback model to control the
performance of mechanical draft cooling towers. The model was formulated using a specific objective
function and empirical correlations corresponding to various performance parameters developed from
experimental data. After that, a feedback model was added to verify the performance control.

The above studies were conducted focusing on individual equipment modeling rather than the
operational aspects of the system. Few studies apply the gray box technique to the detailed operation
of individual equipment while targeting the entire HVAC&R system. Therefore, it is necessary to
develop an integration simulation modeling approach that combines data-based methods using data

collected from HVAC&R systems of commercial buildings.
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1.2 Research purpose

This study develops an automatic simulation modeling method that can grasp the overall operation
status of the HVAC&R system and the detailed operation status of each internal facility by actively
utilizing the data. Unlike conventional simulation programs, this modeling method aims to reproduce
the behavior of the system based on data and enable automatic simulation with minimal human
intervention. The detailed goals to be achieved in the development process of the automatic simulation

modeling method are as follows.

I. A simulation modeling method of the HVAC&R system unit is developed by combining
machine learning methods with data-based modeling methods.

Il.  Develop a machine learning model that reflects the system's physical characteristics so that the
device's performance can be individually judged.

Ill.  To improve the performance of sub-models, the types of machine learning models and input
variables are reviewed, and optimal modeling techniques are sought.

IV. Automate the simulation calculation process by tracking and predicting the system's operation
from the data.

V. Develop a hybrid gray box modeling technique to enable entire system calculation by

combining multiple machine learning models.

In this study, an automatic simulation modeling method was developed for a central heat source
system of a specific air heat source. In the future, the modeling technique will be expanded to respond
to various systems, and this study focused on examining the reproducibility of the modeling technique

by establishing and examining the modeling technique.

Once this simulation model is developed, dynamic calculations of the entire system are possible. In
addition, the equipment inside the system is individually modeled so that the performance and energy
consumption can be closely grasped during operation. The performance of each piece of equipment is
made during the initial machine learning modeling, so an arbitrary calibration step according to the
result is unnecessary. Therefore, the modeling method developed in this study can be said to be a
hybrid simulation method that is data-based to which a machine learning model is applied but also

calculates the physical characteristics of the system in detail.

This data-based and physical characteristic-reflected technique can be adopted to fault detect and
diagnose each device when using the data of the HVAC&R system collected in the actual field. It helps
to find an optimized operation that can increase the efficiency of the device and save the system energy

can also be used. Furthermore, as an automatic calculation algorithm is generated and reflected in the
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model, the workload of modelers is reduced, and subjective judgment and intervention can be
restrained. Since the parameters of physical properties are dynamically predicted during calculation,
utilization for real-time simulation is also expected, and the correction process for calculation results
can be minimized. In addition, it could be a fundamental solution to reproduce the system's state
operating differently from the aging system and design.

This modeling method tries to solve the existing problems that have been of low interest in the
building energy simulation method. The focus was on resolving the Insufficient utilization of collected
data, the enormous time-consuming and labor-consuming modeler during simulation, and the inability

to reflect the physical characteristics of the statistical data-based model.

In the future, the developed model will be expanded to a real-time model that can respond
immediately to data collected on the site so that the current method of installing EMS in buildings can
result in substantial energy savings. If this model is added to the on-site EMS, beyond simply
displaying the system's status as a numerical value on the EMS, we will immediately determine

whether the current operation is normal and whether there is any way to reduce energy consumption.
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1.3  Thesis organization

The overall study method and organization is shown in Figure 1. After securing the virtual
HVACR system operation data, three models were created. The three models are a flow rate model,
a device model, and a connection detection model. After checking each model's performance, a single

system model that integrates the three models was finally developed, and the performance was checked.

Chapter 1 describes the background and purpose of the study, previous studies, and the dissertation
structure.

Chapter 2 describes the composition of the overall model developed in this study and describes the
computational techniques used in each model in a broad category. The configuration of the machine
learning models used in this study is explained in detail, and the characteristics of the virtual operation
data of the HVAC&R system made with TRNSY'S are described.

Chapter 3 develops the first sub-model, the flowrate model. The flowrate model is a model that
calculates the flowrate required for operation by each equipment of the HVAC&R system, and the
accuracy is calculated and verified by applying machine learning.

Chapter 4 develops the second sub-model, the equipment model. Each equipment inside the target
HVAC&R system is modeled using the gray box technique, and the performance of the model to which
machine learning is applied is verified.

Chapter 5 develops the third sub-model, the link detection model. Based on the characteristics of
the data, a backtracking graph network algorithm develops by using only temperature and flowrate to
understand the connection relationship between equipment in the HVAC&R system. Then, the results
with a machine learning model are calculated and verified.

Chapter 6 develops the overall system model integrating the above three sub-models. Using each
sub-model developed in Chapters 3-5, the entire system calculates and verifies at 1-minute intervals.

In Chapter 7, the result obtained in each chapter are summarized, and future issues are organized.
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Chapter 2. Automatic simulation modeling method

2.1 Entire simulation modeling overview

This chapter describes various calculation methods used to develop the automatic simulation

modeling method, the composition of the overall model, and the characteristics of the target system

and collected virtual data. First, the process of developing the overall modeling method will be

explained, and then the configuration of the developed model will be described.

2.1.1

Modeling process

The order of the development in the automatic simulation modeling method is as follows (Figure

2.1).

1

2)

3)

Chapter 03
Flow rate Model

<
.
Chapter 04 |

TRNSYS18 » | Equipment Model >

HVAC&R System
Simulation Data

A\ 4

Entire System
Integration Model
A 4
System Model
Result Validation

Chapter 05
Link Detection Model

Chapter 06

Input Variables Each?\/lodel

Correlation Analysis Result Validation

Figure 2.1. The process of developing the automatic simulation modeling method

Create a virtual system to collect data. This automatic simulation modeling method is a novel
method that has never existed before. If actual data is used, various problems (e.g.,
measurement error, data missing, etc.) that occur in the actual data may be included, which may
reduce the model's accuracy. For that reason, create a virtual air heat source cooling system
using the TRNSYS program. TRNSYS calculation results are considered actual data, and
calculation methods are developed.

Analyze the characteristics of the collected virtual HVAC&R system data. After selecting
candidate groups of input variables, each input variable candidate group is individually
analyzed to see what kind of correlation it has with the data to be predicted. This ensures that
input variables are selected based on quantitative criteria without human judgment, so
simulation calculations are performed automatically.

The machine learning model was selected as the calculation method adopted in the study
because it enables fast and precise calculation. In this way, the machine learning model is

tailored to the characteristics of the data to be predicted. For example, for data with strong
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regression characteristics, a machine learning model capable of regression calculation is applied,
and for data with strong classification characteristics, a model capable of classification
calculation is applied.

4) After building the machine learning model, input variables with high correlation with each
prediction target are put into the model in turn. The performance of the machine learning model
varies depending on the number and type of input variables, so this study focuses on this point.
Set this as cases, and verify the model performance according to each case.

5) Combine the developed models to make a full simulation calculation model. Finally, the best
way to increase the model's accuracy while automatically selecting the input variables must be
found. Develop novel automated simulation techniques by validating the accuracy of the entire

model.

The practical function and operation principle of the developed automatic simulation method are to
be made as follows.
*  Identify the number of devices and available data based only on the collected raw data's data
label (name).
*  Flow and temperature data should be included as standard collection items.
*  Automatically reproduce the operating controls of the system from data labels.
*  Automate input and output calculations with labels in data during total calculations.
*  Automatically select data labels according to the correlation criteria of input variables of the
machine learning model.
In other words, when calculating the actual simulation, if the temperature and flow rate for each

device type can be known based on the labels in the collected raw data, the calculation is possible.

2.1.2  Construction of the entire simulation model

Figure 2.2. shows the construction and calculation sequence of the automatic simulation model of
the HVAC&R system developed. The entire model aims to simulate the behavior of a centralized heat
source system automatically. The entire simulation model consists of flowrate models, equipment
models, and a link detection model, and each model is calculated by adopting an Artificial Neural
Network (ANN) among machine learning methods.

The HVAC&R system has individual equipment inside, and each piece of equipment sends cold and
hot water to the inside of the building to handle the load. Therefore, it is necessary to calculate the
flowrate that each piece of equipment sends and receives during operation. It has a flowrate model
inside the entire automatic simulation model. A flowrate model (Figure 2.2. (a)) predicts the flowrate
per equipment according to the load of the building. The flowrate model can predict the load

throughput (part load ratio) required for each piece of equipment according to the load.
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Next, the operation of the equipment can be calculated using the predicted flowrate and the inlet
temperature. The equipment calculates the outlet temperature and energy consumption. The equipment
model (Figure 2.2. (b)) is calculated based on the current operating performance of the collected data,
and the degree of the current performance can be compared when there is a rated performance. For
example, compared with the rated performance, it can be determined that the performance is not
unnormal but that the performance has deteriorated, and of course, a failure can also be determined.

Then, the inlet temperature for equipment for the next time can be calculated using the flowrate
predicted from the flow model and the outlet temperature calculated from the equipment model. It is
called the connection detection model (Fig. 2.2. (¢)), and it is a model to figure out which device's
inlet temperature will be the outlet temperature of one device. Developing a link detection model
makes it possible to automatically do the total simulation calculation. This model aims to streamline
the complex process of calculations performed manually by humans.

The scope of this study is to verify the performance of the integrated system model after each sub-
model development. In the future, the results of each sub-model will be reflected in fault detection and
diagnosis algorithms and optimal operation control algorithms to enable simulation calculations that

can reduce energy consumption.
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Figure 2.2. Construction of the entire simulation model
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2.2 Overview of target system and data
2.2.1 Target HVAC&R system

This automatic simulation model is created virtual HVAC&R system operation data using the
existing simulation tool TRNSYS program. The reason is to check the performance of the developed
model by using clean data that removes noise from the data that may occur during actual measurement.

The target system is a central heat source system using an air heat source, and the operating period
is set to be the summer season when the maximum cooling load occurs. A contraction heat system was
introduced that stores the cooling heat source at night and discharges cooling heat to reduce the peak
load during the day. By introducing two air-cooled chillers, one is centered on the operation for cooling
heat storage in the storage tank, and the other machine is operated to handle the additional load when
the heat dissipation amount of the heat storage tank is exhausted. When performing heat dissipation
operation to handle the cooling load in the heat storage tank, heat exchange is performed through the
heat exchanger, and then cold water is sent to the building side. There are five variable flow pumps
for sending and receiving chilled water are installed for each piece of equipment. In other words, the
entire heat source system consists of two air-cooled turbo chillers, one heat storage tank, one heat
exchanger, and five variable flow pumps. The detailed system diagram is shown in Figure 2.3.

. N >\ -
a,) a, \ =
& ) g
. Mixl Mix2 Div2
Pump5

@ G &

- # 1
Chiller1 | Chiller2 o
> s * .
B G ' Ej‘
s & 1O
. - Storage | HEX 4
Pumpl | Pump2 Tank j
L le—sg
W B
P~ Pump3 Fumps
\\$/l D
Mix4 I
e il
Lo J<::"{)41@4
— %’ Mix3 Secondary
v Div3

Figure 2.3. Virtual HVAC&R system made with TRNSYS

2.2.2 HVAC&R system operation

Figure 2.4 shows a more specific unit control and operation start and stop time according to the load.
When the cooling load is less than 300kW, the heat dissipation operation starts from the heat shrink
tank. At that time, the heat exchangers work together. When the load exceeds 300 kW and is less than

650 kW, the heat-storage tank performs heat dissipation, and turbo Chiller 01 operates together. When
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the load exceeds 650 kW, the turbo chiller 02 operates. The stop time is opposite to the start of the

operation, and the operation stops from Refrigerator 02.
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Figure 2.4. The HVAC&R systems' control and operation start and stop time according to the load

2.2.3 Training and evaluation period data

Machine learning models 'train' on old data and then 'predict’ on new data. Therefore, the data
collected in this study is divided into training data and evaluation data to verify the calculated
evaluation values.

First, the operation data of the total virtual HVAC&R system was created using the TRNSY'S
program. When creating operation data of a virtual HVAC&R system, the load generated by the
building is measured data from the actual building, and the HVAC&R system that handles this load is
a virtual system set arbitrarily.

For building load data, TRNSYS calculation was performed using data for three months from July
to September 2016. The virtual HVAC&R system operation data created with TRNSY'S was generated
at 1-minute intervals.

Data from July to the third week of September were used for training the machine learning model.
The last one-week data (September 24 to 31) was used as the evaluation data among all three months
of data. The total number of training data is 112,320, and the total number of evaluation data is 10,080.

Figure 2.5-2.7 shows the training and evaluation period (5 days on weekdays) distribution of
instantaneous cooling load, outdoor temperature, and outdoor relative humidity data. The
instantaneous maximum cooling load of the training data was 1036.85kW, and the evaluation data was

680.80kW. Outdoor temperature was distributed within 19.60~36.65°C for the training data and
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19.60~30.80°C for the evaluation data. In the case of the relative humidity of the outside air, the
training data showed 24-98%, and the evaluation data showed 62-97%. Since the data of the evaluation
period is within the data range of the training period, it can be said that the predicted value for outdoor

conditions has a sufficiently calculable range using the virtual data of this study.
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Figure 2.7. Distribution of outdoor air relative humidity of training and evaluation data
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2.3 Multi-Layer Perceptron (MLP) Machine learning method

In this study, the machine learning method was adopted among the statistical methods to combine
the statistical method of the gray box model with the physical characteristics. The machine learning
method is being strengthened in recent years to quickly calculate the vast amount of data collected
from buildings. Although there are many different machine learning models, this study preferred a fast,
simple model and high computational accuracy because it is necessary to calculate the entire system
by combining multiple machine learning models. Therefore, the MLP model was selected among the
Artificial Neural Network (ANN) models, and Liu et al. [1] has proven that the MLP model has
superior performance than other models. Also, Kim et al. [2-3], a model that automatically optimizes
the hyperparameters of the MLP model was used, but enough accuracy was secured even with a model
that calculates by applying a simple layer and number of neurons. Therefore, the models developed in
this study were not too deep.

The MLP model is the most basic model among ANN models. This model, which connects the
synapses of neurons with weights, is used as a deep-learning model as the hidden layer deepens. The
error backpropagation function was introduced to reduce the error by tracing the error between the
actual value and the calculated value in reverse during training.

ANN models are primarily divided into classification models and regression models. Among the
developed models, the regression model and the classification model were reviewed for the flowrate
model, respectively, the regression model was applied to the equipment model, and the classification
model was applied to the link detection model. Depending on the characteristics of the data, the
regression model was adopted when the time series data was continuous, and the difference was very
dense, and the classification model was adopted when the data difference was wide and the distribution
was simple. In addition, the connection detection model added a new label to the data and predicted
the label with a multi-classification model. The entire MLP model was created in the Python
programming language, using Tensorflow and Keras modules in Python.

The features of the regression and classification MLP model is applied in this study were to calculate
while maintaining the form of raw data. In general, the machine learning calculation method performs
normalization and feature extraction to reduce the bias of the collected data and strengthen the features.
However, since this study does not use a single machine learning model, the value extracted from one
machine learning is used as the input value of the following machine learning model, and this
calculation process is repeated repeatedly. Therefore, if the process of normalizing and returning to
the original form is repeated, the calculation becomes complicated, and errors may occur when
returning to the original form. Also, since the normalized data changes whenever the learning data
changes, the range of returning the data to its original form changes when re-learning is performed at
short intervals. Since this increases the effort of modeling work and can increase errors, calculations

were carried out in this study while maintaining the form of raw data as much as possible.
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2.3.1 Nonlinear regression model

The regression model was constructed as shown in Table 2.1. It is a non-linear model according to
the characteristics of all data, and the activation function for each layer is set to 'relu’ [4] (Figure 2.8,
Eq. (2.1)) to enable non-linear calculation. In both regression and classification models, error
backpropagation has a loss function used in conjunction with an activation function. For the loss
function of relu, the mean squared error or mean squared logarithmic error function is commonly used,
so the mean squared logarithmic error is applied, and the 'adam' function [5] was applied to optimize
the error. The adam function is popularly used in many studies for fast calculation and error
optimization.

A total of three hidden layers and one output layer were placed, and a dropout function was placed
between each layer to exclude 20% of the weight. To prevent overfitting, and when the data is fitted
at an excessively high rate in the learning stage, the responsiveness to new evaluation data is poor, so
this problem was attempted to be supplemented. In addition, to prevent overfitting, if the error of the
validation data is repeated more than 30 times at the level of 0.001, the calculation is stopped early

without further learning.

f(x) = max(0,x) Eq. (2.1)

—6 — -2 0 2 4 6

Figure 2.8. Relu activation function

In general, supervised learning models use 20-30% of the training data for validation. In other words,
after fitting 70-80% of the training data, use the remaining validation data to check whether over-
fitting or low-fitting, etc., and adjust hyperparameters (e.g. layers, neurons, activation functions, error
functions, etc.) in the model. In this case, the verification data is often selected 20% of the latter half
of the time series data. However, in time-series data, data may be biased by factors such as season and
time. This study uses data from July to September. Since the quantitative magnitudes of the cooling

load in July and the cooling load in September are different, verifying using the 20% data in the latter
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half may reduce the performance of the model.

Therefore, cross-validation was performed. By applying k-fold cross-validation, data is partitioned
at regular intervals so that all data can be used as validation data in turn. Figure 2.9 shows k-fold cross-
validation. In this study, the entire training data was equally divided into five and one part (20%) of
them was used for verification, but all sections were verified sequentially. A model that reflects the
average performance of the five models is selected as the final model, and the model is once again

trained and verified on the entire data to complete the calculation.

Table 2.1. The regression MLP model

Structure of Regression MLP Model

Inputs Each model’s candidate input variables

Neurons (200), Number of inputs, Activation function = ‘relu’

Neurons (100), Activation function = ‘relu’

Layer
Neurons (50), Activation function = ‘relu’
Dropout ratio 20%
Outputs y train data, Activation function = ‘relu’
Layer Optimizer = ‘adam’, Loss Function = ‘mean squared logarithmic error’

k-fold Training | Epochs = 30, Batch size = 5,000

Validation split = 20% of Train data, Epochs = 1,000,

Final Model ] o
o Batch size = 11,232(Total Training Data 10%),
Training and o ) ) ] o
] Validation split = 20% of Train data, Early Stopping: If the validation loss
Evaluation

does not change more than 30 times in 0.001 units, training is stopped.

Training Datasets Validation Datasets

| | | | | | S

| | | | | | v

5
1
[ | | | | I Error - Error = EZ Error;
i=1

| | | | | | o,
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Figure 2.9. K-fold cross-validation
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2.3.2 Classification model

In this study, the classification model was used for the flowrate model and the link detection model.
The goal of an MLP classification model is to predict label values in data. For that purpose, the label
value is transformed into a vector form using One-Hot Encoding. The vector model is the target for
training, and after training, the decoding process of converting the output vector back to a label value

is required.

1
= Eq. (2.2
o) =770 4. (22)
1.0 1
0.8 A
0.6
0.4
0.2
0.0
_‘4 5 0 2 2
Figure 2.10. Sigmoid activation function
Table 2.2. Composition of the MLP classification model
Structure of Classification MLP Model
Encoding One-Hot Encoding: Encodes label names (y train data) in vector format.
Inout Candidate input variables: Outdoor Condition, Equipment Inlet Temperature,
nputs . .
Equipment Flowrate, Equipment Outlet Temperature
L Neurons (100), number of inputs, Activation function = ‘sigmoid’
ayer
Neurons (60), activation function = ‘sigmoid’
y train data of vector format, Activation function = ‘softmax’
Outputs o ) )
Optimizer = ‘adam’, Loss Function = ‘categorical cross entropy’
o Epochs = 1000, Batch size = 10,000,
Training

Validation split = 20% of Train data, Early Stopping

Predicting y predicted data with vector shape

Decoding Decodes the result of the vector into a label name.

-19-




Chapter 2. Automatic simulation modeling method

Hidden layers are minimized to prevent overfitting, and the activation function of each layer is a
sigmoid function. The sigmoid function (Eq. (2.2), Figure 2.10) is a kind of logistic function, with y
values distributed between 0 and 1. Therefore, since the value transformed into a vector using One-
Hot Encoding is composed of 0 or 1, the sigmoid activation function also has outputs of 0 and 1.

The final output layer converts data into a 'specific value out of all values' by applying the softmax
function but lets you know which value is a 'probability’. Also, the value of the sigmoid function is
normalized by the softmax function. The softmax function uses the 'cross entropy error' function as
the loss function. It is because the results of backpropagation are designed to compute cleanly.

A general validation method was applied to the classification model without cross-validation, and
20% of the total training data was used as validation data. Also, as with the regression model, an early
stopping function was added to prevent overfitting. As mentioned above, Python was used for the
regression MLP and classification MLP models used in this study, and the Python code is described in
Appendix A.1.

2.3.3 Input variables correlation analysis method

In the simulation or modeling process, input variables have a significant influence on the calculation
results. However, most of the models in the building energy field using machine learning or applying
the gray box method does not perform detailed input variable analysis. Kapetanakis et al. [6]
quantitatively analyzed input variables by correlation when developing a model to predict the thermal
load of commercial buildings. Therefore, this study also performed modeling by measuring the
influence of input variables through quantitative analysis. There are Pearson and Spearman methods
for calculating the correlation coefficient, and the relationship between the two variables is grasped,
and the coefficient grasps the degree at that time.

The Pearson correlation coefficient is a measure of the linear relationship between two variables.
When one variable increase and the other variable increases, it has a positive correlation (+1), and
when one variable increase and the other variable decreases, it has a negative correlation (-1). If there
is no linear relationship between the two variables, it is marked as 0. Therefore, the Pearson correlation
coefficient has a value from -1 to +1, and in this study, it was determined that the negative correlation
also affects to the creation of the MLP model.

Spearman is a method of grasping the relationship between two variables by grasping the non-linear
relationship by a non-parametric method. The Spearman correlation coefficient determines the
monotony of whether another variable increases or decreases when one variable increase and ranks
the values to calculate the correlation coefficient for the ranking. Therefore, the correlation coefficient
can be calculated even when the data is not a continuous variable. The Spearman correlation
coefficient also has a negative value when the relationship decreases, the absolute value was taken,

and the input variables were judged in the order of the highest degree of relationship. When creating
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all sub-models, the MLP model performance was verified by sequentially increasing the number of

variables starting with the input variables with significant linear and monotonic correlations.

2.3.4 Model validation method

When evaluating the performance of a machine learning model, most studies usually use the root
mean square error (RMSE) (Eq. (2.3)). RMSE is the mean of the squared deviations of the error, and
the use of the square root reduces the distortion of the mean square error (MSE). Therefore, the error
can be used more like the actual deviation, and is mainly used when working with continuous data.
Vi 1s the actual value and ¥}, is the calculated predicted value. RMSE uses the unit of the target value
as it is, and since a smaller error means higher accuracy, the closer to 0, the higher the accuracy. RMSE
is used as an indicator to verify the model's performance and compare the model's cases in adopting
input variables.

Eq. (2.4) is the formula to calculate CV(RMSE) converted to RMSE as a percentage. y is the
average of the actual values, and this formula is used in Chapter 6 to select input variables when
developing the overall system model. RMSE is an indicator that can be evaluated in absolute terms,
and CV (RMSE) is an indicator that can be evaluated in relative terms. Therefore, it is appropriate to
use RMSE to analyze individual results' accuracy and then use CV (RMSE) to compare various models

with each other.

n
1
RMSE = |~ (3 = 912 Eq. (2.3)
k

n
11
CV(RMSE)(%) = — EE(yk —9,)2 x 100 Eq. (2.4)
k
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2.4 Conclusion
The entire research method and study subjects were explained. The composition of the automatic
simulation model, the operation of the target HVAC&R system, and the characteristics of the virtual

data collected were explained.

All sub-models are computed using machine learning models, and among them, an MLP model with
high accuracy and fast speed is adopted. There are two types of MLP models: regression and
classification models. The flowrate model applies the regression and classification models respectively
(described in Chapter 3), the equipment model applies a regression model (described in Chapter 4),
and the link detection model (described in Chapter 5) applies a classification model. The regression
model and classification model are each composed of a model that minimizes errors and prevents

overfitting.
It also verifies in detail which input variables affect the model's performance for each of the three

sub-models. For this purpose, the theory of correlation analysis of input variables has been explained.

The results of the model will be analyzed for performance focusing on RMSE.
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Chapter 3. Flowrate model

3.1 Overview of flowrate model

The flowrate model calculates the flowrate required for each piece of equipment when operation
time. The target system includes two air-cooled turbo chillers, one heat storage tank, and one heat
exchanger. The heat storage tank predicts the flowrate during heat charging and discharging time,
respectively. The heat exchanger predicts both the low-temperature side and high-temperature side
flowrates. Therefore, six machine learning MLP models were created and computed for a total of six
flowrates (Figure 3.1).

The flowrate model calculation process is shown in Figure 3.2, and the input variables of each
machine learning model are correlated with factors that can affect flowrate as candidates. According
to the correlation of the input variables, the performance of the model is verified by sequentially
increasing the input variables one by one in the forward method. Each model is then in the form of a

single output model on a multivariate input.
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Figure 3.1. Types of each flowrate to be modeled for flowrate in the system
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Figure 3.2. Flowrate model calculation process
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3.2 Comparison between training and evaluation data

As described in Chapter 2 2.2.3, the data used in the training process of the machine learning model
(from July to the third week of September) is called the training data, and the value calculated using
the machine learning model trained for a new period are called predictive data. To compare the results
(predictive data) of the model developed in the study, the data from the new period is called 'evaluation
data'. Before developing a model, it is necessary to review whether the evaluation data meets the range
of the training period data. Accordingly, the maximum and minimum values of training data and
evaluation data were identified as shown in Table 3.1 for all 6 flowrate items. At this time, the
minimum value means the minimum value during operation, so O flowrate when the device is off is
not considered. Since the maximum flowrate value in the evaluation period does not exceed the

maximum flowrate value in the training period, it is pertinent data for using the supervised MLP model.

Table 3.1. The flowrate data status of the training and the evaluation period

Training Data Evaluation Data

Flowrate Contents (  /h)

Min Max Min Max

Chiller 01 Flowrate 3.25 60 6 57
Chiller 02 Flowrate 6 60 6 60
HEX Low-side Flowrate 3 60 3 60
HEX High-side Flowrate 3.25 65 3.25 65
Tank Charging Flowrate - 60 - 60
Tank Discharging Flowrate 3.25 65 3.25 65

Figures 3.3 and 3.4 show the flowrate during the operation of air-cooled turbo chillers (hereafter,
chillers) 01 and 02. Chiller 01 performs additional operation when the cooling load exceeds the amount
of cooling heat stored in the heat storage tank. Therefore, it fluctuates frequently depending on the
cooling load. In addition, it can be seen from Figure 2.4 of Chapter 2 that the instantaneous maximum
cooling load was about 360kW less than the training period for the evaluation period. Accordingly, it
can be inferred from the flowrate data that the operating time of chiller 01 is reduced and the
refrigeration capacity of the refrigeration unit processed during operation also decreases in the
evaluation period. Chiller 02 stores heat sources in the heat storage tank at night and operate to handle
the low cooling load even when chiller 01 is operated during the daytime. In Figure 3.4, the operation
of chiller 02 during the training period is frequent even during the daytime, while it hardly operates
during the evaluation period. Therefore, when estimating the flowrate of chiller 02, modeling should

be done while considering the different operation methods.
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Figure 3.4. Flowrate of chiller 02 in training and evaluation period

Figure 3.5 shows the heat discharging flowrate (a) and heat charging flowrate (b) of the heat storage

tank during the training and evaluation period. As the maximum instantaneous cooling load of the

evaluation period is relatively low, the heat discharging flowrate of the heat storage tank also decreases.

In addition, since the flowrate fluctuates significantly during heat discharging compared to the training

period, attention should be paid to this part when modeling MLP.

The flowrate during heat charging operates the same according to specific operating conditions. In

this study, the heat storage operation starts at 21:00 and stops when the temperature of the first layer

in the heat storage tank reaches 6 degrees. The flowrate during heat storage is continuously operated

at the maximum flowrate of 60

fluctuations and only stops and operations.

/h. Therefore, it has a data distribution with no sudden flowrate
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Figure 3.5. Flowrate of heat storage tank in training and evaluation period

Figure 3.6 shows the flowrates on the high and low-temperature side of the heat exchanger during
the training period and the evaluation period. Because the heat exchanger exchanges heat between the
cold water (low-temperature side) sent from the heat storage tank and the cold water (high-temperature
side) sent from the building side, the flowrate of both sides is the same. Also, it was the same as the
flowrate at the time of heat discharging of the heat storage tank.
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(b) The heat exchanger low temperature side flowrate in training and evaluation period

Figure 3.6. Flowrate of heat exchanger in training and evaluation period

However, since this is a judgment of the operation status by looking at the data, the simulation

model developed in this study is modeled on the premise that it cannot be known that these data have
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the same value. It is modeled under the condition that the name of the data can be known, but that the
data has the same value cannot be known by operation. Therefore, the flowrate model predicts each
flowrate individually, and the goal of the flowrate is to reduce the error. Hence, after calculating one
flowrate value, it cannot be assumed that the flowrate is the same as another flowrate value, so the
flowrate is predicted individually.
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3.3 Input variables Analysis
Items that affect the flowrate of the device include external air conditions (temperature and relative
humidity), operation schedule (day, time, etc.), the inlet temperature of each device, chiller setting
temperature, instantaneous cooling load, and heat storage. For 16 items, input variables were selected
and modeled for each of the six flowrates, and the specific input variable candidates are shown in
Table 3.2.
Table 3.2. Input variables candidate of flowrate model

Count Input Variables Unit
01 Time and minute min.
02 Day of the week -
03 Outdoor Temperature
04 Outdoor Relative Humidity %
05 Secondary Cooling Load kw
06 Heat Storage Tank Capacity kw
07 Chiller 01 Inlet Water Temperature
08 Chiller 02 Inlet Water Temperature
09 Tank Charging Inlet Temperature
10 Tank Discharging Inlet Temperature
11 HEX Low-side Inlet Temperature
12 HEX High-side Inlet Temperature
13 Supply Header Temperature
14 Return Header Temperature
15 Chiller 01 Setting Temperature
16 Chiller 02 Setting Temperature

Before modeling, the correlation between all input variables and each target flowrate is analyzed.
Below is a scatter plot and table showing the relationship of each input variable to the six target
flowrates. The R square value and the Pearson linear correlation coefficient, and the Spearman
monotonic correlation coefficient were calculated. In each table, the input variables are sorted in the

order of R square value, Pearson coefficient, and Spearman coefficient.
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3.3.1  Correlation analysis of chiller 01 Flowrate

Figure 3.7 shows the scatter plot of 16 input variables for the chiller 01 flowrate and describes the
R square value, Pearson coefficient, and Spearman coefficient. The red line shows the linear
relationship of each input variable with the chiller 01 flowrate. Therefore, the red line represents the
slope of the linear regression approximation equation, where the coefficient is the R square value.
Since the R square value has characteristics similar to the Pearson coefficient, which indicates the
linear correlation coefficient, the degree of correlation between the input variables calculated by the
two indicators is similar. In this study, the R square value is used to figure out the distribution of data
using a figure, and when defining high and low correlations between input variables, Pearson and
Spearman coefficients were used as the standard. Table 3.3 arranges the input variables in the order of
highest Pearson and Spearman correlation coefficients.
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Figure 3.7. Scatter plots for each of the 16 input variables for the Chiller 01 flowrate

Among the input variable candidates, the set temperature of chiller 01 is always maintained at 7

degrees during operation, so the correlation cannot be determined. However, the set temperature of

chiller 01 may affect the operation of chiller 01 of the equipment model in Chapter 03, so it was

included in the input variable candidate group.

Since R square and Pearson coefficient are coefficients showing a linear relationship, the ranking

of the input variables was generally similar. In all three coefficients, the instant cooling load of the

building had the highest correlation with the chiller 01 flowrate. Because chiller 01 starts to operate
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when the instantaneous cooling load exceeds 300 kW (refer to Figure 2.2 in Chapter 2), the chiller 01
flowrate is expected to satisfy certain conditions with the cooling load. Therefore, it is reasonable that
the chiller 01 flowrate and instantaneous cooling load has the most significant correlation.

Second, all three coefficients showed a high correlation with the instantaneous heat storage capacity.
However, the degree of the relationship compared to the instantaneous cooling load decreased sharply.
Since chiller 01 is operated after the heat discharging operation of the heat storage tank, the
instantaneous also affects the chiller 01 flowrate. However, it is considered that the direct effect is less
than the instantaneous cooling load.

Next, the time, the inlet temperature of chiller 01 and chiller 02, the inlet temperature of the low-
temperature side of the heat exchanger, the outside air temperature and humidity were found to
correlate in a similar order. The inlet temperature of chiller 01 has a negative linear correlation (Fig.
3.7 (9)), and the inlet temperature of chiller 02 (Fig. 3.7 (h)) has a positive linear correlation. However,
it was found that the monotone correlation was more pronounced than the linear correlation. The
flowrate is generally evenly distributed between the constant temperature ranges of chiller 01 and
chiller 02. However, in both linear and monotonic correlation results, the inlet temperature of chiller
01 and chiller 02 belongs to the upper layer, so it is considered an input variable factor that needs to
be carefully reflected during modeling. In the scatter plots of other input variables, the monotonic
correlation is more pronounced than the linear correlation. It will be necessary to select more

discriminating input variables through modeling results.

Table 3.3. Ranking of correlation coefficients of 16 input variables for chiller 01 flowrate

Rank Pearson Spearman R Square
Secondar Secondar Secondar
1 ondary 0.9111 ondary 0.8440 ondary 0.8194
Cooling Load Cooling Load Cooling Load
Heat Storage Heat Storage Heat Storage
2 g 0.6253 g 0.7580 g 0.3782
Tank Capacity Tank Capacity Tank Capacity
. . Chiller 01 Inlet . .
3 Time and minute 0.5005 0.6443 Time and minute 0.2386
Water Temperature
Chiller 01 Inlet . . Chiller 01 Inlet
4 0.4318 Time and minute 0.6040 0.1749
Water Temperature Water Temperature
Chiller 02 Inlet Chiller 02 Inlet HEX Low-side
5 0.4299 0.4886 0.1717
Water Temperature Water Temperature Inlet Temperature
HEX Low-side HEX Low-side Chiller 02 Inlet
6 0.4259 0.4555 0.1714
Inlet Temperature Inlet Temperature Water Temperature
Chiller 02 Inlet Chiller 02 Inlet Outdoor
7 0.3876 0.4282 0.1481
Water Temperature Water Temperature Temperature
Outdoor Outdoor Chiller 02 Setting
8 0.3804 0.4229 0.1437
Temperature Temperature Temperature
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Outdoor Relative Outdoor Relative Outdoor Relative
9 - 0.2932 - 0.4086 - 0.0900
Humidity Humidity Humidity
Tank Discharging Tank Charging Tank Discharging
10 0.1928 0.3103 0.0345
Inlet Temperature Inlet Temperature Inlet Temperature
Supply Header Tank Dischargin Supply Header
11 UPPY 0.1717 ging 0.2522 PPYY 0.0261
Temperature Inlet Temperature Temperature
Return Header Supply Header Return Header
12 0.1629 0.2014 0.0240
Temperature Temperature Temperature
Tank Charging Return Header Tank Charging
13 0.1177 0.1613 0.0128
Inlet Temperature Temperature Inlet Temperature
HEX High-side HEX High-side HEX High-side
14 0.0961 0.0735 0.0085
Inlet Temperature Inlet Temperature Inlet Temperature
15 Day of the week 0.0465 Day of the week 0.0261 Day of the week 0.0022
Chiller 01 Setting Chiller 01 Setting Chiller 01 Setting
16 nan nan nan
Temperature Temperature Temperature

3.3.2  Correlation analysis of chiller 02 Flowrate

Figure 3.8 shows the scatter plot of 16 input variables for the chiller 02 flowrate and describes the
R square value, Pearson coefficient, and Spearman coefficient. Table 3.4 arranges the input variables
in the order of highest correlation.

As a result of the correlation analysis of the flowrate of chiller 02, the linear correlation coefficient
(R square or Pearson coefficient) showed that the order of the input variables was the same, and in the
case of monotone, the upper input variable items were different from the linear ones.

First, it was found that the chiller 02 setting temperature had the most significant effect on all three
correlations. There is a negative linear correlation between the chiller 02 setting temperature and the
chiller 02 flowrate. Because when the chiller 02 setting temperature is 6 degrees, it operates at the
maximum flowrate of 60  /h for heat storage, and when handling loads during the day, it operates at
the set temperature of 7 degrees. Hence the set temperature is lower the flowrate increase.

Next, in the case of the linear correlation (R square or Pearson coefficient), the instantaneous heat
storage capacity and the Spearman coefficient, which is the forging correlation, showed a high
correlation with the inlet temperature during thermal storage the tank. Since chiller 02 performs a
charging operation at night and a cooling load processing operation during the day;, it is reasonable to
change the flowrate according to the instantaneous heat storage capacity. Also, since chiller 02 is
operated after the operation of the heat storage tank and the operation of chiller 01 during the daytime,
it can be easily seen that the status of the heat storage tank affects the operation of chiller 02.

The correlation between instantaneous cooling load, instantaneous heat storage, outdoor

temperature, and chiller 02 had a negative linear relationship, which indicates that chiller 02 operates
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when processing the last small amount of load remaining when processing the cooling load. It is

considered because when the instantaneous cooling load exceeds a specific value, chiller 02 operates,

so the flowrate starts to increase when the instantaneous cooling load is 600kW or more (Fig. 3.8 (g)).

It is judged that it is more appropriate to understand the influence of the input variable, which is

difficult to grasp through such a linear relationship as a monotonic relationship.
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Figure 3.8. Scatter plots for each of the 16 input variables for the Chiller 02 flowrate

Table 3.4. Ranking of correlation coefficients of 16 input variables for chiller 02 flowrate

Rank Pearson Spearman R Square
hiller 02 Setti hiller 02 i hiller 02 Setti
1 Chiller 02 Setting 0.8840 Chiller 02 Setting 0.8393 Chiller 02 Setting 0.7695
Temperature Temperature Temperature
5 Heat Storage 0.8590 Tank Charging 0.8281 Heat Storage 0.7350
Tank Capacity ' Inlet Temperature ' Tank Capacity '
3 Time and minute | 0.7121 Heat Storage 0.7368 | Time and minute | 0.4995
Tank Capacity
Tank Chargi Tank Chargi
4 ank Charging | 4 6o30 | Time and minute | 0.6512 | | SNG4y
Inlet Temperature Inlet Temperature
HEX Low-si HEX Low-si HEX Low-si
5 ow-side | 155 owside | c401 ow-side |, 2793
Inlet Temperature Inlet Temperature Inlet Temperature
Supply Header Secondar Supply Head
6 HPPY 0.5185 Onaaly 1 gg1o3 | SUPPYEACEN ) 5203
Temperature Cooling Load Temperature
7 Sec_ondary 0.4635 Supply Header 0.4812 Sec_ondary 0.2098
Cooling Load Temperature Cooling Load
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Tank Dischargi Tank Dischargi Tank Dischargi
8 ank Discharging 0.4478 ank Discharging 0.4195 ank Discharging 0.2067
Inlet Temperature Inlet Temperature Inlet Temperature
Outdoor Relati Outdoor Relati Outdoor Relati
g | TUCOOrTEEIVE | g 4100 | D00 TEAIVE ) g 3gag | PHEOOT NEAIVE g 1645
Humidity Humidity Humidity
10 Outdoor 0.3960 Outdoor 0.3595 Outdoor 0.1357
Temperature Temperature Temperature
HEX High-si HEX High-si HEX High-si
11 lgh-side | 5708 lgh-side | 5706 lah-side 1 6772
Inlet Temperature Inlet Temperature Inlet Temperature
hiller 02 Inlet Return H r hiller 02 Inlet
pp | ChillerO2inlet 50, | RetumnHeader g, gqq | Chiller021nlet ) hesq
Water Temperature Temperature Water Temperature
Return Header Chiller 01 Inlet Return Header
13 0.1784 0.1375 0.0395
Temperature Water Temperature Temperature
14 Day of the week | 0.1217 | Day of the week | 0.1227 | Day of the week | 0.0162
hiller 01 Inl hiller 02 Inl hiller 01 Inl
15 Chiller 01 Inlet 0.0554 Chiller 02 Inlet 0.1102 Chiller 01 Inlet 0.0031
Water Temperature Water Temperature Water Temperature
Chiller 01 Setting Chiller 01 Setting Chiller 01 Setting
16 nan nan nan
Temperature Temperature Temperature

In addition, the correlation between the chiller 02 flowrate according to time was also high. It is
considered that this is because chiller 02 is operated according to a specific schedule, such as night
heat storage and daytime load handling operation. In this case, it would be appropriate to express data
as the time-series so that the cycle can be known and used as an input variable.

In chiller 02 modeling, the operation is carried out under various conditions at night and during the
day. Therefore, whether to select an input variable based on a linear relationship or a monotonic
relationship should be judged according to the performance of the model.

3.3.3  Correlation analysis of heat storage tank discharging flowrate

Figure 3.9 shows the scatter plot of 16 input variables for the tank discharging flowrate and
describes the R square value, Pearson coefficient, and Spearman coefficient. Table 3.5 arranges the
input variables in the order of highest correlation.

In Figure 3.9, most of the data are widely and uniformly distributed. The heat discharging flowrate
of the heat storage tank operates at dense intervals in response to various conditions when handling a
load. The fluctuation range of the flowrate is very narrow and varies dynamically. The flowrate data
is continuous and has the characteristics of time series data, and it is judged that the application of the
regression MLP model is logical.
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Figure 3.9. Scatter plots for each of the 16 input variables for the tank discharging flowrate

The three correlations ranking of the tank discharging operation flowrate is the same order:

instantaneous cooling load, instantaneous heat storage, time, chiller 02 set temperature, heat exchanger

low-temperature inlet temperature, chiller 01 inlet temperature, and outside air relative humidity

(Table 3.5). Since linear and monotonic relationships generally have similar influences on input

variables, it is thought that the number of input variables is more important than the types of input

variables in modeling.

It is reasonable that the influence of the cooling load is vital as the discharging operation of the heat

storage tank starts first when the cooling load occurs. In addition, the fact that both the heat storage

capacity and time data are closely related to the load and the heat dissipation flowrate of the tank can

be fully understood based on the operation method. In addition, it can be seen from the operation and

configuration of the system that the inlet temperature of the low-temperature side of the heat exchanger

has an essential correlation between the tank discharging flowrate.

Table 3.5. Ranking of correlation coefficients of 16 input variables for tank discharging flowrate

Rank Pearson Spearman R Square
1 Sec-ondary 0.9538 Sec-ondary 0.9919 Sec_ondary 0.9084
Cooling Load Cooling Load Cooling Load
’ Heat Storage 0.8752 Heat Storage 0.9042 Heat Storage 0.7623
Tank Capacity ' Tank Capacity ' Tank Capacity '
3 Time and minute | 0.7294 | Time and minute | 0.8005 | Time and minute | 0.5285
hiller 02 i hiller 02 i hiller 02 i
4 Chiller 02 Setting 0.6238 Chiller 02 Setting 0.7170 Chiller 02 Setting 0.3840
Temperature Temperature Temperature
HEX Low-si HEX Low-si HEX Low-si
5 ow-side | cog7 ow-side | 6836 ow-side | 2402
Inlet Temperature Inlet Temperature Inlet Temperature
hiller 01 Inl hiller 01 Inl hiller 01 Inl
6 Chiller 01 Inlet 0.5079 Chiller 01 Inlet 0.5389 Chiller 01 Inlet 0.2529
Water Temperature Water Temperature Water Temperature
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Outdoor Relative Outdoor Relative Outdoor Relative
7 . 0.4741 . 0.5211 . 0.2130
Humidity Humidity Humidity
Chiller 02 Inlet Tank Chargi Chiller 02 Inlet
8 Weroe et 1 gapgr | AMMNAGING g 5049 erse et 10,2054
Water Temperature Inlet Temperature Water Temperature
t t t
9 Outdoor 0.4492 Qutdoor 0.5079 Outdoor 0.1923
Temperature Temperature Temperature
Tank Chargi lyH Tank Chargi
10 ank Charging 0.3041 Supply Header 0.4495 ank Charging 0.0890
Inlet Temperature Temperature Inlet Temperature
Tank Dischargi Tank Dischargi Tank Dischargi
1 ank Discharging 0.2906 ank Discharging 0.3968 ank Discharging 0.0827
Inlet Temperature Inlet Temperature Inlet Temperature
lyH hiller 02 Inlet lyH
1 Supply Header 0.2879 Chiller 02 Inle 0.3726 Supply Header 0.0780
Temperature Water Temperature Temperature
R H HEX High-si R H
13 eturn Header 0.1673 igh-side 0.0882 eturn Header 0.0244
Temperature Inlet Temperature Temperature
HEX High-si R H HEX High-si
14 igh-side | ) hgqp | REWMHeader o000 igh-side | 5033
Inlet Temperature Temperature Inlet Temperature
15 Day of the week | 0.0056 | Day of the week | 0.0031 | Day of the week | 0.0001
Chiller 01 Setting Chiller 01 Setting Chiller 01 Setting
16 nan nan nan
Temperature Temperature Temperature
3.3.4 Correlation analysis of heat storage tank charging flowrate

Figure 3.10 shows the scatter plot of 16 input variables for the tank charging flowrate and describes

the R square value, Pearson coefficient, and Spearman coefficient. Table 3.6 arranges the input

variables in the order of highest correlation.

First, the most significant characteristic of the tank charging flowrate is that, as described in Section

3.2, the flowrate consists of two values, 0 and 60 (refer to Figure 3.5(a)). It can be clearly seen in

Figure 3.10. Therefore, it can be predicted in advance that applying the classification MLP model will

have higher accuracy than the regression MLP model.
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Figure 3.10. Scatter plots for each of the 16 input variables for the tank charging flowrate

In addition, it is expected that it will be difficult to grasp the degree of influence of each input
variable only by linear correlation. Therefore, in calculating, the tank charging flowrate, a more special
input variable should be given priority, unlike the daytime heat radiation operation.

Table 3.6 that the order of the input variables is different according to each three correlation
coefficients. The instantaneous cooling load has a negative correlation. However, regardless of the
actual instantaneous cooling load, the heat storage flow always maintains 0, so whether the
instantaneous cooling load is meaningful to the input variable should be judged through future
modeling results.

Next, it is reasonable that the set temperature of chiller 02 showed high Pearson and Spearman
coefficients. Since chiller 02 performs thermal storage operation, the set temperature during thermal
storage operation is 6AC, and the set temperature during load handling operation is 7AC, so this is an
acceptable order. Understandably, the time information is also at the top because the heat storage
operation starts at 21:00, and the heat storage flow occurs most of the night, so the time data is judged

to be an important input variable.

Table 3.6. Ranking of correlation coefficients of 16 input variables for tank charging flowrate

Rank Pearson Spearman R Square
1 Chiller 02 Setting 0.3886 Chiller 02 Setting 0.3886 Sec_ondary 0.9084
Temperature Temperature Cooling Load
Heat Storage Tank Charging Chiller 02 Setting
2 X 0.8718 0.8368 0.7774
Tank Capacity Inlet Temperature Temperature
. . Heat Storage Heat Storage
3 Time and minute | 0.7216 . 0.8349 . 0.7558
Tank Capacity Tank Capacity
Tank Charging . . . .
4 0.6872 | Time and minute 0.7216 | Time and minute | 0.5285
Inlet Temperature
HEX Low-si HEX Low-si
5 ow-side | ) 5>7 Secondary 0.6310 ow-side | 3100
Inlet Temperature Cooling Load Inlet Temperature
Iy H HEX Low-si hiller 01 Inl
6 Supply Header 0.5221 ow-side 0.6301 Chiller 01 Inlet 0.2529
Temperature Inlet Temperature Water Temperature
ly H Relati
7 Sec.ondary 0.4958 Supply Header 0.5289 Outdoor- t?atlve 0.2130
Cooling Load Temperature Humidity
Tank Dischargi Tank Dischargi hiller 02 Inl
8 ank Discharging 0.4513 ank Discharging 0.4623 Chiller 02 Inlet 0.2054
Inlet Temperature Inlet Temperature Water Temperature
Relati Relati
9 Outdoor_ (_aatlve 0.4118 Outdoor_ ?atlve 0.4148 Outdoor 0.1923
Humidity Humidity Temperature
Outd Outd Tank Chargi
10 uaoor 0.4032 uaoor 04125 | AMENAING 4 hegq
Temperature Temperature Inlet Temperature
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1 Chiller 02 Inlet 0.2831 HEX High-side 0.2797 Tank Discharging 0.0827
Water Temperature Inlet Temperature Inlet Temperature
HEX High-sid Chiller 01 Inlet Supply Head
12 INSIGE g 2505 WerBn et ) 92102 | CUPPYTISACET 4 5769
Inlet Temperature Water Temperature Temperature
13 Return Header 0.1726 Chiller 02 Inlet 0.1921 Return Header 0.0244
Temperature Water Temperature Temperature
Return Header HEX High-side
14 | Dayofthe week | 0.1239 ! 0.1881 19n-SIEE 15 0033
Temperature Inlet Temperature
Chiller 01 Inlet
15 0.0688 Day of the week 0.1233 Day of the week | 0.0001
Water Temperature
Chiller 01 Setting Chiller 01 Setting Chiller 01 Setting
16 nan nan nan
Temperature Temperature Temperature

3.3.5 Correlation analysis of HEX high temperature side flowrate

Figure 3.11 shows the scatter plot of 16 input variables for the HEX high temperature side flowrate
and Table 3.7 arranges the input variables in the order of highest correlation. In Fig. 3.11, the
instantaneous cooling load (e) and instantaneous heat storage capacity (f) showed a clear linear
correlation with the flowrate on the high-temperature side of the heat exchanger. The reason is that the
flowrate on the high temperature side of the heat exchanger starts to operate together when an
instantaneous cooling load occurs, so it has been shown to have a right upward correlation. The
maximum flowrate is 60  /h, and it can be seen that the maximum flowrate is maintained even if the
cooling load and the heat storage capacity increase during heat discharging.

In addition, the heat exchanger operates in conjunction with the discharging operation of the tank.
Therefore, as the amount of heat discharging in the tank discharging operation, the flowrate of the heat
exchanger increases, which is the same as the operation of the heat exchanger to handle the
instantaneous cooling load of the building. Other variables generally show a wide and uniformly
distributed relationship. It is not easy to judge only the linear relationship, and the monotonic
correlation must also be considered.

Like the flowrate during charging time of the heat storage tank, the ranking of the coefficients of
Pearson and Spearman appeared in the same order to the top 7. Therefore, it is necessary to consider
how many input variables should be reflected in the modeling process rather than the types of input
variables. Also, while the Pearson correlation coefficient has a large gap between Rank 1 and 2,
Spearman does not know the difference. Therefore, when selecting input variables, the analysis should

also be performed to clarify the discriminant criteria.
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Figure 3.11. Scatter plots for each of the 16 input variables for the HEX high temperature side flowrate

Table 3.7. Ranking of correlation coefficients of 16 input variables

for the HEX high temperature side flowrate

Rank Pearson Spearman R Square
1 Sec-ondary 0.9538 Sec-ondary 0.9919 Sec_ondary 0.9963
Cooling Load Cooling Load Cooling Load
Heat Storage Heat Storage Heat Storage
2 . 0.8752 . 0.9042 . 0.7623
Tank Capacity Tank Capacity Tank Capacity
3 Time and minute | 0.7294 | Time and minute | 0.8005 | Time and minute | 0.4714
Chiller 02 Setting Chiller 02 Setting Chiller 02 Setting
4 0.6238 0.7170 0.3840
Temperature Temperature Temperature
HEX Low-si HEX Low-si HEX Low-si
5 ow-side | cgg7 ow-side |, eg36 ow-side | 3185
Inlet Temperature Inlet Temperature Inlet Temperature
hiller 01 Inl hiller 01 Inl hiller 01 Inl
6 Chiller 01 Inlet 0.5079 Chiller 01 Inlet 0.5389 Chiller 01 Inlet 0.2455
Water Temperature Water Temperature Water Temperature
7 Outdoor _R(_alatlve 0.4741 Outdoor -R?Iatlve 0.5211 Chiller 02 Inlet 0.2202
Humidity Humidity Water Temperature
hiller 02 Inl Tank Chargi
g Chiller 02 Inlet 0.4681 ank Charging 0.5117 Outdoor 0.2052
Water Temperature Inlet Temperature Temperature
Relati
9 Outdoor 0,449 Outdoor 0,507 Outdoor- t?atlve 0.1860
Temperature Temperature Humidity
Tank Chargi lyH Tank Dischargi
10 ank Charging 0.3041 Supply Header 0.4495 ank Discharging 0.0753
Inlet Temperature Temperature Inlet Temperature
1 Tank Discharging 0.2906 Tank Discharging 0.3968 Supply Header 0.0701
Inlet Temperature Inlet Temperature Temperature
12 Supply Header 0.2879 Chiller 02 Inlet 0.3726 Tank Charging 0.0628
Temperature Water Temperature Inlet Temperature
13 Return Header 0.1673 HEX High-side 0.0882 Return Header 0.0243
Temperature Inlet Temperature Temperature
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