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Abstract

A gray-box model overcomes the limitations of black-box
building modeling. However, existing gray-box models
have many parameters and calculate an optimized
objective function from the data. We developed gray-box
techniques for heating, ventilation, air-conditioning, and
refrigeration (HVAC&R) equipment to understand the
status of the system operation. The parameters of the
individual equipment model are minimized and fitted for
interval data by a machine learning model to
automatically perform the calibration process. The power
consumption of the individual models was approximately
14% higher than that of TRNSYS, and the power
consumption of the entire system model was
approximately 7% lower.

Key Innovations

e  Modeling is possible using filed data without
preprocessing

e  Modeling is possible using only the flow rate and
temperature data in the system by minimizing the
input of equipment information (catalog values, etc.)

e  Reduce the number of parameters and minimize the
modeler's subjective intervention

e  The calculation is possible without calibration by
calculating the parameters for interval data (e.g. 1
min.): Live parameterization

e  System operation can be simulated using only data
without 3D modeling of buildings and systems

Practical Implications

The developed simulation tool can reproduce the system
operation status using the flow rate and temperature data.
Raw data can be used without normalization. Various
characteristics collected from different systems can be
analyzed. A close view of the device's performance and
system operation is provided.

Nomenclature

T . = Condenser Inlet Water Temperature (°C)
Te";‘ap = Evaporator Inlet Water Temperature (°C)
Qevap = Cooling load (kW)

Qieak,eqv = Evaporator Heat Leak (kW)

AS; = Internal entropy generation (kW/K)

R = Thermal resistance (K/kW)

o o rRNcata = COndenser Inlet Water Temperature of
TRNSY'S Catalog (°C)

Qevap,rrNcata = Cooling load of TRNSYS Catalog (kW)

COPrpycara =Coefficient of Performance from TRNSYS
Catalog (-)

COPrgysys = Coefficient of Performance from TRNSYS
Simulation Result (-)

Pr = Power of Heat Source Equipment (kW)

T, = Outdoor Temperature (°C)

Powery,,m, = Power of Pump (kW)

n = Efficiency of Pump (%)

Q = Discharge Head (m?%s)

p = Density of Water (kg/m?)

H = Total Pump Head (m)

Qy = Heat exchager

Tn, = Hot Side Inlet Temperature ('C)

Ty, = Hot Side Outlet Temperature ('C)

T,, = Low Side Inlet Temperature (‘C)

T,, = Low Side Outlet Temperature (C)

K = Heat Transmission Coefficient (kcal/(m* h'C))
A = Surface Area (m’)

Meyap = Flow rate into the Evaporator (m3/h)
T, = Evaporator Outlet Water Temperature (°C)

COP = Calculated Coefficient of Performance (-)
Power piner = Power of Chiller (kW)

Tgﬁmp = Pump Inlet Water Temperature (°C)
Mpymp = Flow rate into the Pump (m3/h)

Tgource = HOt Side Flow Rate (m3/h)
Toaq = LOW Side Flow Rate (m?/h)

Introduction

Many data-processing technologies have recently been
developed. In addition, the accuracy of the sensor is
improved; therefore, offline data can be collected with a
small discrepancy. Hence, a large amount of collected
data is being used in various industries. For instance, the
installation of an energy management system to monitor
the actual building status and reduce the energy
consumption is increasing in the building energy field
(ABB Group 2016).

The black-box method is a data-driven technique that
applies inverse modeling based on the collected data,
where the causal relationship in the calculation process
cannot be fully recognized. This method is currently being
actively used in building energy simulations (Abdul,
2014). The calculation used with this method is applied
swiftly based on the collected data; hence, a subjective
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judgment by the modeler is minimized. However, this
method has problems related to the reliability of the
collected data and data loss during the collection process.
Because the black-box method is not physical, the
calculated results may be irrelevant to the actual building
operation status. It is also difficult to conduct calculations
when the amount of data collected is small or when the
newly collected data are outside a particular range (Harish,
2016).

In this study, to avoid the problems of the black-box
method, a gray-box method (a hybrid method) using
input/output variables and parameters derived from
physical equations was developed. Furthermore, using the
concept of the existing gray-box method, an inverse
modeling simulation tool that uses only the data that
reflect the physical characteristics of the system was
developed. Therefore, the operating status of the system
can be extracted from the collected data to determine
whether there is an abnormality in the behavior of the
system.

Among the studies that apply the gray box model in the
field of building energy simulations, Afram (2015),
Coninck (2014), and Sawant (2020) conducted research
on residential buildings. All studies used a measured
dataset, and the room temperature and energy
consumption were calculated using these data. These
studies are aimed at finding a way to reduce energy
consumption through optimal control. Although the
modeling result shows a high accuracy, the number of
parameters to be estimated is large for each piece of
equipment, and modeling is conducted in combination
with existing simulation tools (e.g., Energy Plus and
Modelica).

Prior studies on the gray box model of commercial
buildings (Pugliese, 2016, Takagi, 2015, Braun, 2002)
have mainly focused on a method of directly predicting
the secondary load and calculating the energy
consumption of the entire building. The modeling of the
HVAC&R system was simulated using existing tools.
Modeling studies using a data-driven technique for the
HVAC&R system of commercial buildings have yet to be
studied in detail.

Therefore, studies on a gray-box model for the primary
side of HVAC&R systems of commercial buildings have
been conducted. Lee (2010), Estrada-Flores (2006), and
Hydeman (1995) developed gray-box models for heat
source equipment such as chillers and heat pumps. Arahal
(2008), Berkenkamp (2014), and Tardioli (2020)
developed heat storage tanks, and Singh (2016) developed
a cooling tower model. The above studies described the
development of a modeling method based on the
equipment rather than the system operation. Consequently,
to reduce the energy consumption of commercial
buildings, studies on a gray-box modeling method that
can obtain the detailed performance of each HVAC&R
system and the current operation status of the entire
system are required.

Furthermore, most studies have calculated optimized
parameters used in the modeling process and applied them

as fixed values. In this case, because fixed data are
substituted, the error may increase owing to data
fluctuations. However, when the parameters are
calculated in real time, a prediction result with high
accuracy can be calculated without calibration.

In this study, we developed an automatic simulation tool
for the HVAC&R system (on the primary side) for
commercial buildings using a data-based gray-box
modeling method. The aim was to minimize the burden
on the modeler based on the data collected using the actual
measurement of the HVAC&R system and automate the
entire simulation process. First, we developed an inverse
modeling technique for HVAC&R systems in which an
automatic calibration (or non-calibration) was conducted.
This is because the calculation method developed in this
study calculates the parameters according to all data
intervals, and thus predicts the parameters in real time.

Our research was conducted by creating a simplified
system to examine the feasibility of the proposed
technique. A simple HVAC&R system was created using
TRNSYS, and virtual data on the operation of the cooling
period were prepared. Subsequently, the gray-box
modeling method was developed and verified for each
piece of equipment using the data, and the final
verification was performed by expanding it to the system
range. To model each piece of equipment, the parameters
were derived from the physical equation considering the
measurement method and limitations. Parameter training
was conducted using an artificial neural network (ANN)
model, and individual equipment parameters were
predicted for the newly collected data, and the accuracy
was verified. In addition, the system operation calculation
was conducted by obtaining the input and output
relationship data for each piece of equipment.

This method allows us to obtain the detailed operation
status of the HVAC&R system through individual
equipment modeling, and to comprehend the physical
relationship based on the correlation between the
equipment through the operation results of the entire
system. In addition, the simplicity and calculation speed
of the modeling process can be increased by minimizing
the required input variables and parameters. Even when
using field data, modeling is possible with only the flow
rate and temperature of the equipment, and thus the direct
intervention of the modeler is significantly reduced. This
means that the modeler workload and subjective
intervention are minimized. Moreover, as the parameters
were predicted for each time depending on the driving
conditions, the simulation results could be automatically
corrected. In addition, the actual operation status of the
target system can be reflected because it is based on the
characteristics of the data collected.

Overview of Simulation Tools

Research Method

Figure 1 shows the sequence of the study. First, the dataset
of the simplified system was simulated using TRNSYS
(Figure 1(a)), and the value was considered as the field

data. The next step is a parameter selection step (Figure
1(b)), which calculates a target value (e.g., a parameter)
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based on the physics formula by using the data collected.
During the training step (Figure 1(c)), each target value of
the equipment, which is a sub-model, is fitted using a
dataset from 2016, and the ANN model with the highest
accuracy of the validation data is saved. Subsequently, to
derive a prediction value for the 2017 dataset (Figure
1(d)), an instantaneous calculation of the entire system is
possible for each data interval (1 min) using the individual
sub-ANN models with the highest accuracy.

(A)Preparing Dataset (B)Parameter Selection

Physics-based
functions

‘i ——>|

(C)Training Step

TRNSYS18

HVAC&R System

1
1 Parameter Select
1
Simulation Data :
1
1
]
1

2016 Data

1st Output Object
[

Input Variables

1
v

MLP Model (ANN)

2017 Data

1st Output Predict

:

Physics-based
functions

2" Qutput Predict

(D)Prediction Step

Figure 1: Flow of Research in this paper.

When creating a simple system, the cooling load of the
building is required. This study used actual data collected
from a building energy management system (BEMS). The
BEMS data were collected from an actual building with
five floors above the ground and a total floor area of
11,613.3m? over a 3-month period from July to
September in 2016 and 2017, measured at 1-min intervals.
Accordingly, the simulation value of TRNSYS was also
generated for the following three months each year.
Finally, to use only the stabilized simulation results for
TRNSYS, 12,440 data points (per year) from July 8 to
September 30, excluding the first weeks, were trained
(2016) and predicted (2017). Each data point was used in
the verification step, where 20% (62,200 data points) of
the training data were used. As such, this study uses
virtual data, and thus it does not consider problems such
as sensor errors and data losses that may occur when
collecting actual data.

A review of the input variables (Figure 1(c)) was
conducted to find the optimized ANN model for each sub-
model during the training stage. In the case of adding
items such as control signals that can be collected from
the system in addition to the temperature and flow rate
derived from the physics formulas, the modeling results
for each equipment were verified, and the system
operation was predicted using the calculated high-
performance ANN model. We used the root mean square
error (RMSE) and R-squared (R? for individual
equipment modeling and verification of the results of the
system operation.

HVAC&R System Overview

This study adopts a central heat source system that
handles cooling loads using air as a heat source and
reduces peak loads during the day using the charged heat

of the storage tank. The chilled water loop (Figure 2) had
two air-cooled turbo chillers and one heat storage tank,
and the second chiller was used for a heat storage
operation conducted at night. When a cooling load
occurred, the chilled water was first radiated through the
heat exchanger, and after the cooling load of the building
exceeded 350 kW, one chiller was additionally operated.
All pumps had a variable flow, and a bypass pipe was
placed to control the flow rate and temperature sent to the
secondary side. In this study, a gray-box modeling
technique was introduced for each of two air-cooled turbo
chillers, a heat exchanger, and five pumps, and a physical
storage tank model was added to calculate the overall
system calculation reflecting the results of a heat storage
tank under a steady state without heat loss. That is, the
modeling development targets of this study are limited to
air-cooled turbo chillers, heat exchangers, and pumps.
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Figure 2: Schematic of TRNSYS HVAC&R System.
System Modeling Method

The calculation process for the entire system is shown in
the prediction step in Figure 3. Figure 3 (a) shows the
construct of the entire sub-model, and Figure 3 (b) shows
the prediction process of the complete tool. This tool has
four sub-models: building load, flow rate, equipment, and
connection models, each of which uses the ANN method.
First, training was conducted for each sub-model, and the
optimal model was stored. Subsequently, the parameters
were predicted for each data interval, and the outlet
temperature and power amount were calculated by
substituting them into the theoretical equation. The outlet
temperature calculated from one equipment model
becomes the input value of the other equipment for the
next time calculation. For example, the predicted chilled
water outlet temperature of chiller 02 is added to the low-
side inlet temperature of the heat storage tank. To date,
these inlet and outlet temperature calculations have been
passively conducted on manual operations; however, in
the future the “connection sub-model” developed will be
completed, and the connection between the inlet and
outlet temperatures will be automatically determined and
calculated. In addition, the section of the mixed
temperature is determined based on the results of the
passive connection model, and the flow rate and
temperature transmitted to the secondary side are
calculated. Finally, the outlet temperature and power of
each piece of equipment, chilled water supply, and return
temperature are verified.
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Equipment Modeling

The equipment used in the system include a heat source
equipment, heat storage tank, pump, and heat exchanger.
The modeling constraints are as follows:

e The number of parameters is minimized.

e  When selecting the parameters, we considered the
parameters that changed each time interval based on
the physical equations and items that were
impossible to measure or were not generally
measured (e.g., heat loss, pump efficiency, and
head).

e  The minimum number of input variables should be
selected when considering the limitations of the
collected data; however, the input variable should be
based on physics formulas.

e It was assumed that no heat loss occurred in the
hydronic system.

The above selection condition resulted in calculations
with the fewest input variables, considering that the
possible measured input variables were limited and the
measured items were different for each building. The
minimum required input variables were the flow rate and
temperature for each piece of equipment used in the entire
system calculations. In addition, the intention was to
enable a real-time simulation in the future using the shape
of the collected data as much as possible during the
modeling.

Heat Source Equipment Model

A TRNSYS Type 118 Air-Cooled Chiller was adopted as
the heat source in this study. First, the chilled water outlet
temperature parameter (hereinafter, Pmtm}% ) for

calculating the chilled water outlet temperature is
determined using (1). The equation was studied by

Gordon (1995) and is called the simple thermodynamic
model.

Tel:{;lap (1 + L)

Ty
—1=-"2AG ¢

in
Teond cop . Qevap
in i
(Tcond_Tégap) RXQevap 1 1 1
Qleak,eqv Tin o + Tin + CcOP ( )
cond Qevap cond
—_ in _ .pinopin
Pmt’rg}gp = Tevap Pp — ASr Tevap cond
in in
Qleak,eqv (Tevap - Tcond) (2)

Furthermore, using the catalog value in TRNSYS, the
relationship between the cooling capacities, the inlet
temperature on the heat source side, and the coefficient of
performance (COP) is generated by (3), which is a
multiple regression equation.

in
Bo + B1T¢onarrcata

in
B2QevaprrRNcata + Bi1Tcona TrNCata

COPTRNCata
2
+

2
ﬁZZQ(_avap,TRNCata +
Br2T¢onarrncataQevap TrRNCata + € 3
COPTRNSYS = COPTRNCata X PthOP (4)

The discrepancy between the catalog values of the COP
generated using (3) and the COP during the actual
operation (i.e., COP of TRNSYS result) is set as the COP
parameter (hereinafter, Pmt.,p, according to (4)). In
addition, PmtT%tp and Pmtgyp are trained using the

MLP model, and the two parameters are then predicted
using the data on the prediction period. By substituting the
predicted parameters into the theoretical formula for
calculating the performance of the heat source equipment,
the cold-water outlet temperature, COP, and power are
calculated. The four input variables are the inlet
temperature on the heat source side, inlet temperature on
the load side, flow rate on the heat source side, and flow
rate on the load side, considering the characteristics of the

Input Variables

4 Input Variables Input Variables

Input Variables Input Variables

Expand
Building Load Chiller 01 Temp. Chiller 01 COP Chiller 01 Temp. Chiller 01 COP
ANN Model ANN Model ANN Model ANN Model ANN Model
- EE] - B .
'Predlct E @ Chilled Water COP Parameter i § Chilled Water COP Parameter
Building Load : S Parameter : S Parameter
— —
Physics-based Physics-based Physics-based Physics-based
Input Variables _ Function Function _ Function Function
32 32
=39 =30
Flow Rate ANN | e . SiE ‘ Chilled Water ‘ ‘ coP ‘ OFE ‘ Chilled Water ‘ ‘ cop ‘
Model 1 This paper ! e I \ 8
| research area | | =~
Predict Flow Rate [ I : >
1 .
] 1 v
| Input Variables || N _ "
= 1 Input Variables Input Variables Input Variables
< ]| Equipment ANN : -
@ : Model 1 Heat Storage Heat Exchanger Variable Pump
Ey I Tank ANN Model ANN Model ANN Model I
8 |- 15t Output Variable || ! e 22 23
© " 5 S Al %
&5 || Physics-based ||} e e - Lk -
Predict : Function 1 Physics-based Physics-based Physics-based
1 i i i
Outlet Temp.: ; ; : s, Function 5, Function 5, Function
n 2@ o 2e
e I . 1 e
Input Variables : 17 : S each‘layer 3 S Temperature £ &
Comecion | | it L
ANN Model L I

Return Header

Predict Inlet Temp.

Ccsv

A

A

Building Load Supply Header

(a) Calculate Process of Developed tool

(b) Calculate Process of HVYAC&R System in developed tool

Figure 3: Process of entire simulation method.
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theoretical equation and the measured data. Therefore, we
set the three input variables.

Pump Model

The types of pumps are largely divided into a constant
flow and variable flow pumps. In this study, type 741 was
adopted as the variable flow pump. The theory for
calculating the shaft power of the pump is given by (5).
The efficiency and head of the motor act as parameters in
the following equation:

POH

Poweryymy = o2y (5)

H
Pthump = ; (6)
The water temperature and flow rate flowing into the
pump are input variables based on the physical equation.

Heat Exchanger Model

Parallel and counter flow types exist as heat exchange
methods for the heat exchanger. In this study, a Type 5
counter-flow heat exchanger, which is applied as a
counter-flow-type heat exchanger, was adopted. The
calculation of the counter-flow type is given in (7). In
addition, KA(Pmtgx) was selected as a parameter whose
value changes over time by the variables input during the
heat exchange. The inlet temperature and flow rate of the
heat source and load sides were set as the four input
variables based on the following theoretical equation:

0y = KA (Th2=Tc1)=(Th1=Tc2) @

log—Th2 “Te1
Th1=Tc2

Table 1: Input and output variables of each equipment.

Equipment Input " Output 2" Output
Evaporator Evaporator
Inlet Water Outlet Water
Temp. Temp.
Heat Source Condenser Pmtout
Equipment Inlet Water PmtTCE:,f cop
Temp.
Flow rate
into the Power
Evaporator
Inlet Water
Pump Temp. Pmtpymy Power
Flow Rate
Hot Side
Flow Rate Hot Side
Heat Low Side Outlet Temp.
Exchanger Flow Rate Pmt
(Water to Hot Side HEX
Water) Inlet Temp. Low Side
Low Side Outlet Temp.
Inlet Temp.

The modeling method for each piece of equipment is as
described above, and the input and output variables for
each equipment are summarized in Table 1. The proposed
modeling method takes an 1st output variable as a
parameter and applies the fitting using the MLP model.
Using the calculated parameters (1st output in Table 1),
the performance of each piece of equipment was finally

calculated by substituting into the theoretical equation,
which is indicated as the “2nd Output” in Table 1.

The gray-box modeling method of the proposed
HVAC&R system was compared to the existing gray-box
modeling methods (Lee, 2010; Estrada-Flores, 2006;
Hydeman, 1995) as follows: The existing gray-box
modeling method was employed by creating an objective
function that approximates the correlation in the collected
data and determining the coefficients in the objective
function. With this method, a plurality of coefficients
should be calculated to minimize errors; however, once
the coefficient is calculated, the same coefficient is
continuously applied. Even in the same system, it is
difficult to find the optimal coefficient flexibly when data
are continuously added. Using our physical formula
calculation method to calculate the minimum value of the
parameter, a flexible response to changes in data is
possible.

Artificial Neural Network Model

The multilayer perceptron (MLP) model was adopted as a
calculation method for predicting the parameters. By
stacking hidden layers in multiple layers, nonlinearly
separated data can be learned. Table 2 presents the
algorithm for the MLP model.

Table 2: Algorithms of MLP Model of Each Equipment.

PSEUDO CODE OF MLP MODEL
Inputs: Flow rate and Inlet Temperature
Outputs: Parameter of Each Equipment
1: Procedure Structure of ANN Model
: Unit = Min/Max number: 100~1000, step = 100
. Input layer = neurons (Unit), number of inputs,
activation function = ‘relu’,
kernel initializer = 'random uniform'
4: Structure of Layer for Tuning
for i in range (Min/Max number of layers: 1/5)
5: Min/Max number of Neurons: 25/Unit ,
Neurons per layer: 25 — X
End X3:"
: Hidden layer = neurons(X3:™),
activation function = ‘relu’,
dropout rate, kernel initializer = ‘he uniform’
: Output layer = number of outpults,
activation function = ‘relu’
8: Model Compile: optimizer = ‘adam’, learning rate,
loss function = ‘mean squared logarithmic error’
9: Training: Hyper-parameters tuning using Bayesian
optimization
for j in range (trials: 5, execution per trial: 3)
10:  dropout rate =[0.0, 0.1, 0.2, 0.3, 0.4, 0.5],
learning rate = [1e-3, 1le-4, le-5]
11: Checking the condition for stopping the training
if validation loss = min:
save the ANN Model to ‘best model.h5’
else: j+1
An automatic hyper-parameter optimization algorithm
was created such that the optimal number of hidden layers
and neurons can be appropriately calculated for each sub-
model through Bayesian optimization (lines 2-6 and 9—-10
in Table 2). The number of hidden layers was at most 5,
and the number of neurons in each layer was between 25
and 1,000. For the activation function, “relu” was applied

2
3

[op)

~
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to all layers to minimize the shape transformation of the
target value; in addition, the loss function was the “mean
squared logarithmic error,” and “Adam” was used as the
gradient descent technique. The number of hidden layers
and neurons that minimize the errors for each sub-model
were calculated. The hyper-parameter was searched seven
times, and the model with the highest accuracy was
selected as the final fitting model after two verifications.
The reason for choosing such an automatic tuning method
is to avoid a manual optimization of the model when data
change and to find the hyper-parameter using quantitative
judgment.

Modeling Results

The characteristics of the parameters were defined before
verifying the modeling results of the entire system, the
characteristics of the parameters were defined. Table 3
lists the minimum and maximum ranges of the calculated
time-varying parameters. There were no negative
numbers in the parameters, and positive values were
calculated linearly using the activation function ‘relu’ in
the MLP model. In addition, optimized MLP models were
calculated for each parameter to create and fit the models
with minimal validation losses and no overfitting.

substituting time-varying parameters in the physical
equation. As shown in Table 5, the performance accuracy
of each device is generally high. In particular, the power
of the pump and the outlet temperature of the high and
low temperatures of the heat exchanger have high
accuracies in both the RMSE and R2. By contrast, in the
case of the chiller, the accuracy of the COP parameter was
low, which soon affected the power value, resulting in a
low accuracy of the predicted power value in both chillers
01 and 02. This was confirmed to be due to the predicted
data for the COP parameter in Table 2 having values
outside the range of the training period. In the future, it
will be necessary to consider how to increase the accuracy
of the model by adding input variables with a significant
influence (e.g., control signals) and increasing the amount
of training data.

Result of System

The TRNSYS result was regarded as a value
corresponding to the measured value, and the predicted
result for each device and the result of calculation in the
entire system are shown.

Table 4: Accuracy of Predicted Parameter.

i Contents RMSE R?
Table 3: Range of estimated parameter. -
Chiller01Pmt gue (KW-C) 0.432 0.972
2016 2017 - £
Contents - - Chiller01Pmt;op(-) 1.402 0.889
Min Max Min Max - .
Chillerol 0.90 1914 042 1974 ChlIIerOZPmtTgv%(kW- C) 0.587 0.999
Pmtpour (KW-°C) ' ' ' ' Chiller02Pmtcop(-) 0.974 0.971
Chiller01
Pt cop(-) 075 | 113 | 0.23 | 0.97 PUMPOLPME pyyppy (M) 1.119 0.994
Chiller02 PUMPO2PML pyypyy (M 0.623 0.998
Pt ou: (KW-=C) 0.36 | 14.47 | 0.38 | 32.14 PO2PmMt pyymyp (M)
i P 03Pmt 1.351 0.994
fr:'t”e”z_z) 026 | 233 | 069 | 1.12 UMPO3PILpup (M)
CoPp PUMPO4P Mt pyymp (M) 0.660 0.996
Pumpo1 9.16 | 47.99 | 9.16 | 47.99 s
Pmtpyump(M) ) ) ' ) Pump05Pmtpymy(M) 4.434 0.894
Pump02
Pt ppmp(M) 9.60 | 4799 | 959 | 4799 Pmtypx(keal) 83.661 0.985
Pump03 926 | 64.41 | 926 | 64.41 Table 5: Accuracy of Performance Result
Pt ung(T) Content RMSE R?
Prfl’;‘mpoz‘m) 9.6 | 3491 | 9.16 | 34.91 ontents
PUP%*S85 Chiller01 T5%,(°C) 0.407 0.989
Pmtpg(m) | 50 | 13545 | 8.40 | 66.86 Chiller01 COP(-) 0.325 0.992
Pmtygy(keal) | 456.13 | 132252 | 496.83 | 1360.26 Chiller01 Power(kW) 3.729 0.914
To check the accuracy of the device modeling method, we Chiller02 7555, (°C) 0.321 0.993
first conducted the calculations for each model. The Chiller02 COP(-) 0.802 0.911
parameter fitting results for a single model are shown in -
Table 4, and the results applied to the physical equations Chiller02 Power(kw) 3.515 0.994
using the fitted parameters are listed in Table 5. In general, Pump01 Power (kW) 0.007 0.992
) -
the value of R was hlg_h for all parameters, although the PUMP02 Power (kW) 0.013 0.999
RMSE value was relatively low. This is thought to be
because, when the absolute value of the parameter is large, Pump03 Power(kW) 0.005 0.998
the absolute value of the error also increases; thus, a Pump04 Power(kW) 0.004 0.998
relatively small error is calculated as an extremely large UMD P ™y 0.022 0.966
number. In other words, in the case of a heat exchanger, ump05 Power (kW) : :
because the parameter exceeds 900, an error of 30 HEX Ty, (°C) 0.345 0.958
between 90(_.') a}nd_930 results in a large RMSE value. HEX T (°C) 0374 0.982
Therefore, it is important to judge the accuracy by
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As a result of single device modeling, the chilled water
temperature of 6°C is generally discharged, but in the case
of the system, the chilled water temperature is higher than
that. The reason is that the flow rate does not fluctuate by
temperature in the current system calculation process, and
it is determined that the correct chilled water outlet
temperature parameter is not fitted by substituting the
measured value as it is. In the future, the flow rate sub-
model will be added to improve the prediction accuracy.
On the other hand, COP and power consumption have

high accuracy in both the device single model and the
entire system prediction result.

Figure 7 shows the outlet temperature on the low
temperature side of the heat exchanger, and the single
device calculation result has much higher accuracy than
the system calculation result. In the current heat storage
tank model, gray box modeling that reflects heat loss and
time-varying parameters is not implemented, so it is
necessary to have high performance during system
calculation along with modeling the heat storage tank in
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the future. As a result of calculating the total power
consumption of the heat source equipment and pump, the
TRNSY'S value for 3 months was about 6,572GWh, the
system calculation result was about 7,495GWh, and the
total sum of the power consumption in single device result
was about 6,059GWh. As a result of the system
calculation, the power consumption of Chiller 02 was
about 20.3% higher than the measured value, indicating
that the total power consumption was about 14% higher.
This is largely due to the decrease in the COP prediction
accuracy of Chiller 02, which performs heat charging
operation. In the future, we intend to increase the accuracy
of modeling by adding set temperature and operation
control signals based on the results of a single device.
Figure 8 compares the actual measurements, system
calculation results, and single unit calculation results for
5 pumps on July 25th. For the five pumps, the total power
consumption of the system and single unit differs by
approximately 1.8% and -4.3 %. Therefore, the modeling
method of pumps and heat exchangers is considered to be
highly accurate.

Conclusion

A simulation tool was developed to automatically
simulate HVAC&R systems in commercial buildings
using data collected from real buildings. In addition, a
gray-box modeling method was introduced to employ the
methods, and a calculation method was developed that
minimizes the number of parameters and allows the
parameters to respond flexibly when outside conditions
change. After individual device modeling, calculations
were conducted for the entire system. As a result of the
modeling, both the single-device modeling and system
modeling results have a high accuracy. For system
modeling, it is necessary to find a way to make the
parameters more accurate, but we will be able to predict
the performance of the device by fitting time-varying
parameters. In the future, we will create control and flow
rate models to monitor the operation of the system using
the data and improve the performance of the sub-model to
reduce the workload and develop a gray-box model with
a relatively high accuracy.
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