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Variable refrigerant flow (VRF) systems are widely adopted in commercial and institutional buildings; however,
their actual performance often diverges from design expectations due to oversizing, low-load operation, and user-
driven control behaviors. To clarify these issues and quantify their impact, this study conducts a comprehensive
operational analysis of 100 outdoor units and 650 indoor units installed across a large multi-purpose academic
building at Osaka University's Minoh Campus. One-year high-resolution operational data were examined to
characterize part load ratios (PLRs), COP behavior, refrigerant-cycle conditions, and inefficiencies caused by
excessive temperature settings, nighttime unattended operation, and uneven indoor-unit usage patterns. The
analysis identified frequent low-load operation and oversized outdoor units as primary causes of performance
degradation. After implementing operational energy-saving measures—including optimal temperature settings,
reduced nighttime operation, and improved control awareness—the annual VRF energy use decreased by 12.9%.
Additionally, a capacity optimization simulation revealed that resizing oversized outdoor units could yield a
further 15.9% reduction, emphasizing the need to address both operational and design-level inefficiencies. The
study demonstrates that substantial energy savings can be achieved through combined operational improve-
ments and capacity optimization, even in large-scale, diverse-use campus buildings. These findings offer practical
insights for enhancing VRF system performance and provide evidence-based guidance for improving energy
management in buildings employing distributed air-conditioning systems.

1. Introduction

Global demand for air conditioning is increasing rapidly, and ac-
cording to the International Energy Agency (IEA), the number of
installed air-conditioning units is projected to triple by 2050 [1].
Because cooling systems already account for a substantial share of
building energy consumption, this trend poses a serious challenge to
achieving a carbon-neutral society. In particular, in commercial and
educational buildings, air-conditioning systems play a crucial role in
determining overall building energy performance.

In recent years, variable refrigerant flow (VRF) systems have been
widely adopted, especially in Asia, owing to their flexible zoning capa-
bility, ease of installation, and relatively high efficiency under part-load
operation. In theory, VRF systems can respond effectively to load vari-
ations and are therefore expected to achieve higher energy performance
than conventional centralized air-conditioning systems.
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A large number of studies on VRF systems have been conducted at
the component and refrigerant-cycle levels. Research on compressor
behavior, vapor-liquid refrigerant distribution characteristics, evalua-
tion of alternative refrigerants, and short-term operating characteristics
has been reported [2-15], contributing significantly to the under-
standing of VRF system mechanisms and their theoretical performance.

Through these studies, understanding of the fundamental behavior
and performance characteristics of VRF systems has advanced consid-
erably. However, these findings mainly focus on individual components,
refrigerant-cycle behavior, or short-term operating conditions, and
therefore do not directly reflect long-term operational behavior in real
buildings under diverse usage conditions. In actual building operation,
discrepancies between design assumptions and real loads, variability in
operating conditions caused by user behavior, and prolonged low-load
operation often coexist, resulting in energy performance that differs
from theoretical expectations.
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Against this background, despite their inherently high efficiency
potential, VRF systems often exhibit significant operational in-
efficiencies in real buildings. Field investigations have repeatedly re-
ported issues such as oversized system capacity relative to actual loads,
persistent low part-load operation, and user-dependent control via
remote controllers, leading to excessive temperature settings and unin-
tended nighttime operation. Although these factors can substantially
degrade system efficiency, their impact on energy performance has not
been sufficiently quantified, particularly in large-scale, multi-purpose
buildings.

Previous studies addressing operational issues of VRF systems can be
broadly classified into several research domains. The first domain fo-
cuses on operational analysis and performance diagnosis, in which
measured or calculated operational data are used to evaluate indicators
such as the coefficient of performance (COP), seasonal energy efficiency
ratio (SEER), operating time, and part-load ratio. For example, Zhang
et al. [16] analyzed a VRF system with 16 indoor units in an office
building and demonstrated that occupant behavior has a strong influ-
ence on energy consumption. Qian et al. [17] investigated 344 resi-
dential VRF systems and identified climate conditions, operating
schedules, and system overcapacity as major contributors to efficiency
degradation. Furthermore, Liu et al. [18] analyzed 16,985 residential
VREF systems and showed that partial-load operation is common even in
residential applications. Although several field studies have shown that
occupant behavior and manual overrides significantly influence VRF
energy consumption, most of them focus on aggregated energy use
rather than examining how such user-driven operations translate into
prolonged low-load operation, nighttime running, and COP degradation
over long-term real-building operation. As a result, the operational
consequences of user-driven overrides remain insufficiently quantified,
especially in large multi-purpose buildings.

The second research domain concerns energy consumption predic-
tion and modeling. Accurate prediction of energy consumption is
essential for effective system management and fault detection. Zhou
et al. [19] compared several neural network models and showed that
multiple linear regression is effective for small datasets. He et al. [20]
proposed a hybrid prediction model combining data partitioning and
swarm intelligence algorithms, achieving high prediction accuracy.

The third research domain focuses on optimal control strategies,
particularly model predictive control (MPC). Kang et al. [21] developed
an MPC approach using neural networks, and Lee et al. [22] verified its
effectiveness through experiments conducted in a real building. While
these advanced control strategies address limitations of conventional
VRF control logic, most of them are evaluated under limited experi-
mental conditions or short-term demonstrations. As a result, how such
control limitations manifest in long-term real-building operation,
particularly in large multi-purpose facilities with strong user interven-
tion, has not been sufficiently clarified.

In addition, studies on fault diagnosis and predictive maintenance, as
well as cloud-based energy management services, have also progressed
[23,24]. However, most of these studies focus on individual technolo-
gies or control methods, and few have comprehensively evaluated
operational inefficiencies, improvement effects, and design implications
based on long-term operational data from real buildings.

Based on this background, this study conducts a comprehensive
evaluation of VRF system operation at the Osaka University Minoh
Campus, which opened in 2021. Using one year of high-resolution
operational data, we analyze part-load ratios, normalized COP
behavior, temperature setpoint distributions, nighttime unattended
operation, and variability in indoor-unit usage. Furthermore, the effec-
tiveness of operational improvement measures implemented in the
following year is evaluated, and a capacity optimization simulation is
conducted for oversized outdoor units to quantify the potential for
additional energy savings.

The main contributions of this study are as follows:

(1) providing one of the largest field-based evaluations of VRF
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performance in a multi-purpose university building;

(2) quantitatively demonstrating user-induced operational in-
efficiencies and the effectiveness of practical operational improvement
measures; and.

(3) linking operational analysis results to design-level implications
through capacity optimization.

The remainder of this paper is organized as follows. Section 2 de-
scribes the target building, the configuration of the VRF system, the data
collection methods, and the evaluation metrics used in this study. Sec-
tion 3 presents the results of the operational analysis based on real
operating data, including the relationship between part-load ratio and
COP, user-induced operational inefficiencies, the effectiveness of
energy-saving measures, and the results of the capacity optimization
analysis. Finally, Section 4 summarizes the main findings of this study
and discusses their implications for improving VRF system operation
and design in real buildings.

2. Methods
2.1. Building outline

This study focuses on the Osaka University Foreign Language
Research and Lecture Building (Minoh Campus, Osaka, Japan), which
commenced operation in the 2021 academic year and serves as the new
campus for Osaka University's Faculty of Foreign Studies. Various fa-
cilities were consolidated within a single 10-story building with a total
floor area of approximately 25,000 m2. The exterior of the building is
shown in Fig. 1. Although the building is equipped with VRF systems
similar to those in urban office buildings, its use as a university campus
makes it distinct. An outline of the Minoh Campus is shown in Fig. 2. The
first floor contains large halls and lecture rooms; the second floor is
primarily allocated to offices; the third floor houses a piloti and connects
to the exterior and a cafeteria; the fourth through seventh floors feature
lecture rooms and student common spaces used by a large number of
people; and the eighth through tenth floors are predominantly occupied
by faculty offices. No notable structural differences were observed
among the upper floors.

Because the facility is a university building, extended holidays dur-
ing the summer and winter result in user trends that differ markedly
from those in typical office buildings.

2.2. Outline of VRF system

At the Minoh Campus, 100 outdoor units (OUs) and 650 indoor units
(IUs) have been installed (Fig. 2). Although the floor areas are identical,
the number of installed VRF systems varies. Floors 6-7 and 8-10 have
nearly identical room functions and layouts, resulting in similar VRF
system configurations. Floors 4 and 5 contain more VRF systems because

Fig. 1. Exterior view of the Minoh campus.
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Total floor area : 25,000 m2
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. AC System : All VRF (EHP) Outdoor | Indoor
unit unit
10F Faculty office 9 73
9F Faculty office 9 73
8F Faculty office 9 73
c 7F Lecture room 10 72
\n 6F Lecture room 10 74
o
< 5F Lecture room, Common space, Student Interaction Space 12 70
Medium-size lecture room, Study space,
4F Student Interaction Space 18 62
Dining, Lobby
y ’ . 0 10 53
3F Windbreak room Piloti
oF Office, Conference room 5 42
1F Entrance, Hall, Facilities 8 58
T | Total
' 54m ' 100 | 650

Fig. 2. Outline of the Minoh campus.

they include multiple rooms with different functions, such as common
spaces and server rooms, in addition to lecture rooms. Moreover, Floors
1 and 2 have fewer VRF systems due to the reduced number of rooms
compared to the upper floors.

2.3. Sensing framework outline

Section 2.3 describes the data acquisition and storage framework
used to collect operational information from the air-conditioning sys-
tems at the Minoh Campus. An overview of this framework is shown in
Fig. 3.

At the Minoh Campus, indoor units (IUs) and outdoor units (OUs)
within the same VRF system are directly connected via a communication
line to a central air-conditioning controller. Operational data are
transmitted from this central controller to a cloud-based storage system

 cm—

Electricity \\
meter

| N send
| .

oud

A .l Server
IUW ou send 1

/ download
_;u_—%- J
= Mobile devices )
analysis

Air conditioning controller

Fig. 3. Sensing framework of the Minoh campus.

via mobile communication devices. The data stored through this
framework are limited to the control-related information available from
sensors originally installed by the manufacturer for equipment opera-
tion, such as temperature and pressure sensors. Other types of data are
not available within this monitoring framework. The stored cloud data
are subsequently downloaded to a local analysis computer, enabling
offline data processing and analysis [25]. Details of the operational data
obtained from the indoor units and outdoor units are described in Sec-
tion 2.4. In addition, as shown in Fig. 3, the Minoh Campus is equipped
with a separate electricity metering system that measures power con-
sumption related to lighting, electrical outlets, and air-conditioning
equipment. A total of 270 watt-hour meters are installed across the
campus, and the corresponding electricity consumption data are trans-
mitted to a server via an independent mobile communication network.

2.4. VRF system operational data

This section describes the operational data obtained from the VRF
systems and used for the subsequent analyses. The data were collected
from the remote monitoring system installed at the Minoh Campus and
consist of time-series records from both outdoor units (OUs) and indoor
units (IUs). These data were originally recorded for maintenance and
operational management purposes and were directly utilized in this
study without additional filtering or gap-filling.

The operational parameters available from the monitoring system
include equipment operating states, thermal performance indicators,
and energy-related variables. All data are stored at a fixed hourly reso-
lution, enabling consistent long-term analysis of system behavior. The
specific parameters used in this study are summarized in Table 1. The
output data from the OUs include: the operation mode, indicating the
operational state of cooling, heating, or fan mode; operation time, rep-
resenting the operating duration within 1 h; cooling/heating capacity
denoting the accumulated capacity over 1 h (see Section 2.5); cooling/
heating PLR representing the average 1-h PLR during cooling/heating;
cooling/heating coefficient of performance (COP), representing the
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Table 1
Operational parameters.

Parameters Period/ Interval

Operation mode

OU operation time

Cooling processing capacity
Heating processing capacity
Cooling PLR

Heating PLR

Cooling COP

Heating COP

Energy consumption
Average Set temperature
Average Suction temperature
1U operation time
Thermo-on time

Outdoor units (OUs) April 1, 2021

- March 31, 2023
/
1h

Indoor units (IUs)

average COP over 1 h of cooling/heating; and energy consumption,
indicating the accumulated energy consumed over 1 h.

Similarly, the output data from the IUs include: the time-averaged set
temperature; suction temperature, providing a 1-h average measured at
the suction port of the IU; operation time, indicating the operating
duration; and Thermo-on time, reflecting the duration of the IU's
thermo-on state.

2.5. Cooling and heating capacity

The cooling and heating capacities were calculated using the
compressor curve (CC) method, a type of refrigerant enthalpy method
[26]. The CC method is a capacity calculation approach that considers
actual operational information, refrigerant flow defined by the
compressor performance curve, and the refrigerant enthalpy difference
in the connection piping between the IU and OU. The cooling capacity
(Qc) is determined by multiplying the IU refrigerant flow (G) by the
refrigerant enthalpy difference (Ai) and then subtracting the IU fan
power (Wi) (Eq. 1). Conversely, the heating capacity (Qh) is obtained by
adding the IU fan power (Wi) to the product of the IU refrigerant flow
(G) and the refrigerant enthalpy difference (Ai) (Eq. 2).

In cooling mode, the electrical losses of the indoor fan motor appear
as sensible heat added to the conditioned space, which the cooling coil
must remove. Therefore, fan power is subtracted to obtain the net
cooling capacity delivered to the space. In contrast, during heating
mode, the fan motor heat contributes directly to indoor sensible heating,
and thus it is added to the gross heating capacity to calculate the net
heating capacity. This treatment is consistent with conventional HVAC
thermodynamic practice.

Qc = 4ix G— Wi @

Qh =Aix G+ Wi ®))

The average PLR was calculated using Eq. 3, which uses the hourly
air-conditioning capacity (Q'RF) obtained via the CC method and the
rated capacity (Q) of the equipment. The COP was computed using Eq. 4,
based on the air-conditioning capacity (Q"%F) and OU power consump-
tion (P) during the target period. In the case of COP, it is necessary to
evaluate whether the equipment is demonstrating its inherent perfor-
mance characteristics. Therefore, we evaluated it using the normalized
COP (Eq. 5), which is calculated by dividing the measured COP by the
rated COP provided by the manufacturer.

QVRF

u 3
Q 3
VRF
cop =< )
. cop
Normalized COP = Rated COP 5)
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2.6. Compressor-on ratio of IU

To evaluate the duration for which the IU is operating, the following
Compressor-on ratio of the IU was defined and evaluated. The
compressor-on ratio Ri for OU i is defined as:

Z (Clk X t*k)

R =
COi X t;

(6)

Here, CI is the rated capacity of IU k, CO; is the rated capacity of OU
i, t; is the operating time of OU i, and t' is the thermo-on operating time
of IU k.

2.7. Schematic layout of three representative systems

Given the large number of VRF systems installed in the building,
three representative systems were selected for detailed specification and
layout analysis. The representative systems were selected to capture the
diversity of space usage, control configurations, and part-load operating
characteristics observed in the building.

Figs. 4-6 show the indoor layouts of the three outdoor unit systems
used as representative systems for the operational analysis in Section
3.3. As shown in Fig. 4, five IUs were installed in the interaction space
and operated via a single remote control. In contrast, Figs. 5 and 6
illustrate the layouts of the lecture rooms and faculty offices, where one
remote control was installed in each room, enabling operation on a per-
room basis.

Information on the air-conditioning units is presented in Table 2.
Both systems use ceiling-mounted cassette-type IUs with low fan power.
The table also shows the capacity ratio of the connected IUs. The OU was
designed with a low connection capacity ratio to compensate for the
piping length resulting from its installation on the rooftop.

3. Results and discussion

3.1. Evaluation of 100 VRF systems using annual average operational
data

In this section, the physical quantities affecting the annual average
normalized COP of each of the 100 VRF systems were investigated using
one year of operating data, from April 2021 to March 2022. Specifically,
the effects on the normalized COP were analyzed for the average annual
PLR, average annual setpoint temperature, average annual operating
hours, and average annual compressor-on ratio of the IUs.

3.1.1. PLR relative to normalized COP

First, the average cooling and heating PLRs and normalized COPs for
all 100 OU systems were analyzed. The scatter plot for cooling is pre-
sented in Fig. 7. Colors were assigned according to usage; for example,
common spaces are depicted in red and cafeterias in blue.

Fig. 7 shows several distinctive cooling characteristics. The highest
average COP was observed in the server room, plotted in black on the
upper left. Presumably, the implementation of a high sensible heat mode
for server applications resulted in efficient operation. Operation during
periods of lower outdoor temperatures, owing to year-round cooling,
contributed to the elevated average COP. Excluding the server room, the

Y& Remote control

36.0m & l!
-I "t e _ A T -

ﬁ/ fV fj .

Fig. 4. Schematic layout of 5th-floor interaction space.
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Fig. 6. Schematic layout of the 10th-floor faculty office.

highest average COP was noted for the 5th-floor interaction space
(normalized COP = 1.13, PLR = 0.39). Common-space usage exhibited
relatively high PLRs and COP. Notably, the system with the highest PLR
was the middle lecture room. Although two OUs were installed in the
middle lecture room, only one system was prioritized for operation
during the intermediate period according to the schedule, resulting in a
high PLR. Following the common space, cafeteria usage (depicted in
blue) displayed the next highest PLR and COP, likely owing to the
substantial load during lunchtime. In contrast, lecture room usage (in
green) shows annual average PLRs of around 0.10; however, the hourly
PLR distribution includes many operating periods near PLR = 0.3, where
COP remains relatively high. As a result, the average normalized COP
stays around 0.75, indicating that a PLR of 0.10 does not necessarily lead
to a significant reduction in COP as demonstrated in Fig. 15.

Conversely, faculty office usage (in purple) exhibited an even lower
annual average PLR of approximately 0.05. Under such extremely low-
load conditions, the compressor frequently cycles between start and
stop, causing a substantial reduction in COP.

Correlation coefficients were calculated to confirm the relationship
between PLR and normalized COP (excluding the server room system,
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which is used as a year-round cooling system). The coefficient of
determination was 0.48, and the RMSE (root mean square error) was
0.12. In the case of cooling, it was confirmed that there was a moderate
degree of correlation, although significant variation was present.

Fig. 8 indicates that, similar to the cooling operation, common space
usage exhibits both high PLRs and COP during heating. For the other
systems, the relationship between PLR and normalized COP showed the
same trend as in cooling. The coefficient of determination was 0.71, and
the RMSE was 0.09, indicating a stronger correlation for heating than for
cooling.

20 O Common Space
’ Excluded from curve fitting © EEEmE
s e O Lecture Room
—_ O Office
a 4 o O O Faculty office
8 15 o) O  Server Room
3 4 O Others
N
© o
£ O
51.0 (S
sV O a Y et o -
z o9 O 0
£ O
©
<}
©o5
Coefficient of Determination 0.48
RMSE 0.12
0.0
0.0 0.1 0.2 0.3 0.4 0.5

Cooling Load Factor[-]

Fig. 7. Relationship between average PLR and average normalized COP asso-
ciated with cooling operation.

O Common Space
20 i 1 O Cafeteria
Coefficient of Determination 0.71 ol o oo
_ RMSE 0.09 Office
a O Faculty office
8 15 O  Server Room
B O  Others
N
g
s 1.0
=z
o
£
®
[}
Tos
0.0
0.0 0.1 0.2 0.3 0.4 0.5

Héating Load Factor[-]

Fig. 8. Relationship between average PLR and average normalized COP asso-
ciated with heating operation.

Table 2
Air conditioner information.
Room name ou U
( Rated cooling capacity (kW) Number of Rated COP 1U type Rated cooling capacity Number of
/ (IU connection capacity compressors (cooling/ kw) units
ratio) heating)
5th floor interaction 56/(80%) 2 3.57/3.82 4-way cassette 9.0 5
space type
5th floor lecture room 50/(76%) 2 3.82/4.03 4-way cassette 4.5 6
type 5.6 2
10th floor faculty office 40/(81%) 1 3.74/4.13 2-way cassette 3.6 4
type
4-way cassette 4.5 4
type
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The relatively low average PLRs (generally below 0.5) can be
attributed to the operational characteristics of the campus buildings. In
multi-purpose facilities such as classrooms and faculty offices, air-
conditioning demand is intermittent, with units often operating at low
PLRs or remaining idle for extended periods. Consequently, simulta-
neous full-load operation of all connected indoor units rarely occurs.
Our findings confirm that low PLRs are a typical characteristic of VRF
operation in real-world buildings, especially in large-scale, multi-use
buildings.

3.1.2. Set temperature relative to normalized COP

Next, the relationship between the temperature setting of each IU
and the normalized COP was investigated. The results are shown in
Fig. 9. For example, in the case of cooling, raising the temperature
setting theoretically reduces the load, resulting in lower energy con-
sumption. However, it is clear from Fig. 9 that the normalized COP,
which indicates efficiency even when the temperature setting is
increased, shows considerable variation in both cooling and heating,
regardless of the application. The coefficient of determination and the
RMSE for cooling were 0.19 and 0.21, respectively. Those for heating
were 0.06 and 0.16, respectively. The correlations were low for both
cooling and heating. In particular, no correlation with normalized COP
was observed for common space and faculty room applications, despite
the large variation in temperature settings.

3.1.3. Runtime relative to normalized COP

Next, the relationship between the normalized COP and the runtime
of each IU (Fig. 10) was investigated. As is clear from the figures, the
coefficient of determination and root-mean-square error for cooling
were 0.13 and 0.21, respectively, while those for heating were 0.06 and
0.16, indicating a low correlation. It can be concluded that runtime,
whether short or long, has little impact on normalized COP.

3.1.4. Compressor-on ratio of IU relative to normalized COP

Finally, a comparison was made between the compressor-on ratio of
the IU and the normalized COP (Fig. 11). Similar to the PLR, the
normalized COP tended to be higher when the compressor-on ratio of
the IU was higher. The coefficient of determination and RMSE for
cooling were 0.49 and 0.15, respectively—values similar to those for the
PLR and normalized COP. For heating, the values were 0.48 and 0.12,
which were slightly lower than those for the PLR. The compressor-on
ratio of the IU indicates the percentage of IUs connected to each sys-
tem that are operating simultaneously. This value does not count when
users intentionally do not operate individual IUs or when IUs are
operating but are in a thermo-off state, meaning there is no load to

2.0

Coefficient of Determination 0.19
RMSE 0.21
Lecture Room O

Office [e) o
Faculty office [e)

O Common Space
Cafeteria

3
oo oo

Server Room
Others

o

Cooling Normalized COP[-]
e |

o
3]

0.0
20 21 22 23 24 25 26 27 28 29

Cooling Set Temperature[C]

Cooling
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process in the room. Therefore, to increase the compressor-on ratio of
the IU, all IUs connected to the OU must be operating simultaneously
and generating a steady load. The results indicate that improving the
normalized COP, which reflects the efficiency of the air conditioner,
requires increasing the ratio of IU use. In the scatter plots of PLR and
normalized COP, the server room system was an outlier with a large
deviation from the overall trend, but the compressor-on ratio of the
indoor units showed the same trend as the other systems. It was
confirmed that the compressor-on ratio of the indoor units is also an
important indicator for explaining normalized COP. The normalized
COP shown in this study is based solely on outdoor-unit power con-
sumption (Eq. (4)), and therefore indoor-unit fan electricity is not
included. Recent VRF systems mitigate unnecessary increases in total
power consumption by reducing indoor-fan airflow after the set tem-
perature is reached, contributing to lower overall energy use.

3.2. Analysis results for hourly PLR

Next, we evaluated the frequency distribution of the load factor,
previously shown to have the highest correlation with normalized COP,
in each system. To facilitate intuitive understanding, we used a violin
plot for evaluation (Figs. 12 and 13). Fig. 12, which presents the cooling
results, shows all 100 OU results ordered by the highest average annual
normalized COP. The X-axis shows the OU number. The top three are
server rooms, as mentioned above, but they operate with a low load
factor of about 0.2. The low PLR (x0.2) of the server rooms is primarily
due to the installed VRF capacity being larger than the actual heat
generation of the servers. The rooms require cooling throughout the
entire year, and during winter the sensible heat load becomes even
smaller, leading to a further reduction in load factor. The next highest-
ranked OUs are interaction spaces. It is also evident that their distri-
bution resembles a “vase” shape, extending from high to low PLRs.
These results confirm that the wide distribution of PLRs, from high to
low, is the reason for the high COP values. On the other hand, the OUs in
the lecture rooms, shown in green, appear in the middle of the overall
ranking. Their distribution has few areas with high PLRs and exhibits a
“bell-shaped” pattern, with PLRs concentrated around 0.1 to 0.3.
Finally, the OUs with the lowest COP are concentrated in the faculty
offices, shown in purple. Their distribution resembles a “pyramid” shape
with a wider area at lower PLRs. These results indicate that the most
efficient operation tends to follow this pattern: “vase-shaped” > “bell-
shaped” > “pyramid-shaped.”

Similarly, a violin plot based on the PLR during heating is shown in
Fig. 13. This confirms that the systems with the highest normalized COP
are shared spaces, as in cooling, and their distribution is also “vase-

2.0
Coefficient of Determination 0.06 O Common Space
RMSE 0.16 O Cafeteria
O Lecture Room
Office

—
S}

O Faculty office
Server Room
O Others

o

Heating Normalized COP[-]
o

o
3}

0.0
20 21 22 23 24 25 26 27 28 29

Heating Set Temperature[C]

Heating

Fig. 9. Relationship between average set temperature and average normalized COP.
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Fig. 10. Relationship between runtime and average normalized COP.
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shaped.” The systems with the lowest normalized COP exhibit a “pyra-
mid-shaped” distribution similar to that in cooling. These results
demonstrate that violin plots can be used to intuitively evaluate load
distribution.

3.3. Detailed evaluation results of representative systems

These findings indicate that the actual operation of VRF systems
varies considerably depending on their use for both cooling and heating.
Therefore, three representative systems were selected for a case analysis
of air-conditioning operation. First, we examined the 5th-floor interac-
tion space (Fig. 4), which showed the highest normalized COP,
excluding the server system. Second, we analyzed the 5th-floor lecture
room (Fig. 5), which had average values of PLR and normalized COP.
Third, we evaluated the 10th-floor faculty office, which had the lowest
PLR and normalized COP.

Figs. 14-16 illustrate the relationship between PLR and normalized
COP during cooling for these three systems. The 5th-floor interaction
space exhibited relatively uniform PLRs (average = 0.39), higher than
those of the other systems. At a given PLR, lower outdoor temperatures
(blue plots) were associated with higher normalized COPs, whereas
higher outdoor temperatures (red plots) tended to result in lower
normalized COPs. The PLR increased with rising outdoor temperature.
The interaction space system demonstrated a uniform load distribution

centered around a PLR of approximately 0.20 (red circle in Fig. 14),
leading to a high average normalized COP (1.13). In contrast, the 5th-
floor lecture room exhibited both lower PLRs and normalized COPs.
The PLR in the 10th-floor faculty office was extremely low (average ~
0.04). Consequently, the OUs underwent frequent start-stop cycling,
and the average normalized COP decreased to as low as 0.32.

Fig. 17 shows the frequency distribution of cooling set temperatures
for the three systems. The set temperatures varied widely among users,
who were free to adjust them. However, the high PLR observed in the
interaction space, which had the highest average set temperature
(25.0 °C), and the extremely low PLR in the 10th-floor faculty office,
which had the lowest average set temperature (23.3 °C), cannot be
explained solely by temperature settings. Therefore, the set temperature
alone is insufficient to explain the relationship between PLR and
normalized COP.

Fig. 18 illustrates the number of IUs operating concurrently during
the first year. In the interaction space, five IUs were installed in an open
area without partitions and controlled by a single remote control,
resulting in all five units operating simultaneously. In the 5th-floor
lecture room, dispersed rooms and concentrated lecture times led to
an average of 4.3 IUs operating concurrently. In the 10th-floor faculty
office, only one IU typically operated at a time, with an average of 1.6
active units.

Recent VRF systems tend to operate most efficiently when all
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Fig. 12. Violin diagram based on PLR with cooling operation.

connected IUs run simultaneously and the PLR remains between 0.20
and 0.60. In contrast, efficiency declines when only a few IUs are active
and is further reduced when low PLRs cause repeated start-stop cycling
of the compressor. The 10th-floor faculty office exhibited both condi-
tions, resulting in a very low COP.

The frequency distribution of evaporation temperatures during this
period is shown in Fig. 19. In the 5th-floor interaction space, which had
a high PLR and concurrent IU use, the average evaporation temperature
was 7.4 °C. In the 5th-floor lecture room, which had a moderate PLR, the
average evaporation temperature was 6.8 °C. In the 10th-floor faculty
office, which had the lowest PLR and lowest concurrency, the average
evaporation temperature was even lower at 5.7 °C.

In recent years, VRF has adopted a control method that raises the
evaporation temperature in the medium load range to save energy and
improve COP. Specifically, in the medium load range, the compressor
speed is lowered to reduce the refrigerant flow rate, raising the evapo-
ration temperature and improving the efficiency of the refrigerant cycle.
However, when the PLR is insufficient or the concurrency of IU opera-
tion is low, the evaporation temperature does not rise, and system per-
formance cannot be fully utilized. To address this issue, it is important to
optimize OU capacity according to IU usage conditions.

3.4. Implementation and effectiveness of energy conservation measures

Two operational issues were identified during the initial year. The
first was excessive set temperatures. Fig. 20 presents the distribution of
the set cooling and heating temperatures for all VRF systems at the
Minoh Campus during the initial year. The Ministry of the Environment
in Japan recommends indoor temperatures of 28 °C in summer and 20 °C
in winter. Operations at temperatures above the recommended value
during cooling and below the recommended value during heating
accounted for only about 5% of overall operations. However, there were
frequent instances of operation at clearly excessive temperatures—for
example, 20 °C during cooling and 30 °C during heating—leading to an
increased processing load and, consequently, increased energy
consumption.

The second issue pertained to unattended operation during late night
and early morning. Fig. 21 presents the hourly OU operation time during
the initial year, revealing that approximately 10% of operations
occurred between 22:00 and 07:00, a period during which student ac-
cess is restricted at the Minoh Campus. Consequently, the unintended
operation of air conditioning during late night and early morning is
another major operational challenge.

Two energy conservation measures (Table 3) were implemented to
address these issues. Their effects on energy consumption were evalu-
ated by comparing changes before (January-December 2022) and after
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(January-December 2023) implementation. However, these measures those in server rooms and similar areas, out of a total of 100 systems.
targeted only 82 systems (hereafter called “all systems”), excluding Fig. 22 shows the distribution of set temperatures after the measures
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were implemented. For cooling, the set temperatures were restricted to
>25 °C, which helped prevent unnecessary operation. Similarly, for
heating, the operation was maintained at <25 °C. However, in some
cases, controlled release related to events was observed. In Japan,
typical comfort setpoints are approximately 26 °C for cooling and
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22-24 °C for heating. The modifications introduced in this study were
limited to preventing excessively low cooling settings (e.g., below 24 °C)
and excessively high heating settings (e.g., above 26 °C). Therefore, the
implemented measures remained within widely accepted comfort
ranges, and occupant comfort was not considered to be significantly
affected.

Fig. 23 shows the hourly OU operation times before and after the
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Fig. 19. Frequency distribution for evaporation temperature according to
the facility.
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Table 3
Details of energy conservation measures.

Details Target systems

Cooling min.

Set temperature 25°C .
S . 82 systems, excluding server
restriction Heating max.
25 °C rooms, etc.
Oversight control Turn off U at (il systems
& 22:00

implementation of the measures. Nighttime operations were reduced by
approximately 54% due to oversight control, and nighttime energy
consumption was reduced by approximately 60%. However, the data
indicated that after an air-conditioning system had been stopped once at
22:00, it was restarted and continued to operate until the morning.
Currently, a stop command is issued at 22:00, but it appears that mul-
tiple stop commands at 00:00, 02:00, etc., are required. In addition, the
increased operation time after 15:00 in 2023 is attributed to the

cafeteria returning to its normal operating schedule following the end of
COVID-19 restrictions. During 2022, the cafeteria operated with short-
ened hours, but in 2023, extended opening hours resulted in higher
occupancy and increased thermal loads in the late afternoon.

To further clarify the nighttime operation shown in Fig. 23, Table 4
summarizes the rooms in which HVAC systems continued operating
during nighttime hours, classified by space usage. The results indicate
that nighttime unintended operation occurred most frequently in guard
rooms and collaboration spaces. These spaces are often used intermit-
tently at night or lack a clearly defined end time of occupancy, which
likely increases the probability that HVAC systems remain in operation
after use. In contrast, nighttime operation was also observed in some
lecture rooms and laboratories; however, the frequency was relatively
low compared with that in guard rooms and collaboration spaces. A
comparison between weekdays and weekends was also conducted for
nighttime operation, but no clear differences were observed. This sug-
gests that nighttime unintended operation is not strongly dependent on
the day of the week, but is instead closely related to space usage and

11
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Table 4
Breakdown of nighttime HVAC operation by space usage.

Space usage / Room type Nighttime operating hours [h]

Guard room 2088
Sth-floor interaction space 549
4th-floor interaction space 546
5th-floor laboratories 355
6th-floor interaction space 291
Others 514
Total 4342

occupancy characteristics. User behavior clustering analysis was not
performed in this study. However, clustering based on operational and
control histories could provide deeper insight into behavioral patterns
associated with nighttime operation, and is therefore identified as an
important topic for future research. Finally, it should be noted that all
rooms on the campus are equipped with remote controllers, allowing
users to freely start, stop, and adjust HVAC settings. This high level of
user control is considered an important contextual factor influencing the
observed nighttime operational behavior.

Fig. 24 shows the monthly air-conditioning energy consumption for
all systems before and after the implementation of the measures. The
annual energy consumption was 361 MWh in 2022 and 305 MWh in
2023, corresponding to a 15.4% consumption.

However, Fig. 24 does not account for the effect of outdoor tem-
perature. To eliminate this effect, an outdoor temperature correction
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simulation was performed (see Appendix A Table Al).

The energy consumption of all systems was simulated for 2022 and
2023 (Table 5). Overall air-conditioning energy consumption decreased
by 15.4% before temperature correction and by 12.9% after correction,
compared with 2022. With only operational improvements as soft
measures, an energy-saving effect of 12.9% was achieved.

However, the increased energy use observed in November 2023 was
primarily due to significantly lower outdoor air temperatures compared
with November 2022. The colder conditions increased the heating load
and reduced heat pump efficiency, leading to higher overall energy
consumption.

The effectiveness of the operational improvements was quantified by
analyzing changes in setpoint temperatures and nighttime operation.
The average cooling setpoint increased from 24.7 °C to 25.2 °C
(+0.5 °C), while the average heating setpoint decreased from 24.8 °C to
23.9 °C (—0.9 °Q), indicating a shift toward more energy-efficient tem-
perature settings. Nighttime unintended operation was reduced by a
total of 2987 operating hours. Compared with the total annual operating
time of 161,590 h, this corresponds to an overall reduction of approxi-
mately 1.8%. From a contribution perspective, this 1.8% reduction can
be attributed to the elimination of unintended nighttime operation,
whereas the remaining 11.1% of the total energy reduction is primarily
associated with the optimization of setpoint temperatures. It should be
noted that no feedback loops or auditing processes were implemented in
this study. The improvements were achieved solely by applying opera-
tional constraints through existing controller settings. As no additional
equipment or system modification was required, the implementation
cost of these measures is considered negligible.

3.5. Operational efficiency analysis of representative systems before and
after operational improvements

This section examines changes in representative systems before and
after the implementation of energy conservation measures. Fig. 25 il-
lustrates the changes in cooling temperature settings in the 5th-floor
interaction space. Before the countermeasure, many setpoints were
below 24 °C; however, after the countermeasure, most settings were
adjusted to 25 °C or higher.

Fig. 26 presents the PLR and normalized COP before and after the
countermeasures. Prior to the countermeasure, the average PLR was
0.38 and the average normalized COP was 1.09. After the countermea-
sure, the set temperature was raised, reducing the cooling load and
resulting in a lower average PLR of 0.27. Despite this decrease in PLR,
the average normalized COP remained unchanged at 1.09. This behavior
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Table 5
Results of outdoor temperature correction simulation.
2022 2023 2023
Actual value Actual value Simulation value
Energy consumption (MWh) 361 305 314
Reduction rate (%) - 15.4 129

can be explained by the pattern of the PLR distribution. COP decreases
significantly when the PLR becomes very low (PLR < 0.20). In 2023, the
amount of operation in this low-load region increased slightly, and this
created a tendency for COP to decrease. On the other hand, COP also
decreases when the PLR becomes high (PLR > 0.60). In 2023, the fre-
quency of operation in this high-load region became smaller, and this
created a tendency for COP to increase. These two effects — the increase
in very low-load operation and the decrease in high-load operation —
occurred at the same time. As a result, the annual average COP stayed
nearly the same.

Next, the set temperature, PLR, and normalized COP during cooling
before and after the countermeasures for the 5th-floor lecture rooms are
shown in Figs. 27 and 28, respectively. The temperature setting similarly
improved to 25 °C or higher. The PLR was 0.16 before the counter-
measure but decreased to 0.13 after the countermeasure due to the
smaller load. The normalized COP remained unchanged before and after
the countermeasure.

Finally, the results for the 10th-floor faculty office are shown in
Figs. 29 and 30. No significant changes in temperature setting, PLR, or
normalized COP were observed for this room, as restrictions could not be

Set temperature [°C]

0 5,000 10,000

Operation time [h]

imposed due to faculty preferences.

3.6. Simulation of capacity optimization

Although system overcapacity and low part-load operation have
been repeatedly identified as major causes of efficiency degradation in
VRF systems, most previous field studies have primarily reported their
occurrence without quantitatively linking oversizing to COP degrada-
tion or evaluating the potential for efficiency recovery through capacity
optimization. Consequently, many VRF systems at the Minoh Campus
operate at low part-load ratios (PLRs), resulting in reduced efficiency.

To understand the underlying causes of these low PLRs, we first
reviewed the load calculation sheets for the representative systems. As
summarized in Table 6, commonly used design values were applied for
occupant density, lighting load, equipment load, and outdoor air intake.
These settings do not indicate any specific equipment-related factors
that would inherently lead to excessive loads. However, while the load
calculations assume that all rooms are simultaneously occupied at their
maximum design population, the operational data in Fig. 18 show that
many lecture rooms and laboratories remain unoccupied for extended
periods. This discrepancy between design assumptions and actual usage
patterns is considered a major reason why the actual load factors are
significantly lower than the calculated design loads.

Although VRF systems allow indoor-unit-to-outdoor-unit connection
capacity ratios exceeding 100%, this design allowance does not neces-
sarily ensure that the installed outdoor-unit capacity is appropriately
matched to actual operational conditions. The present results therefore
suggest that the observed low load factors are not only a consequence of
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operational behavior, but also reflect systematic oversizing of outdoor
units based on conservative design assumptions, indicating that
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outdoor-unit capacity can be reduced without compromising opera-
tional performance under realistic usage conditions.
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Table 6
The load calculation sheets for the representative systems.
5th-floor 5th-floor 10th-floor
interaction space lecture room faculty
office
Building w 7269 1865 952
envelope
heat load
Occupant Person/m  0.25 0.66 0.1
density
Lighting load w/m 10 10 10
Equipment w/m 20 20 20
load
Outdoor air CMH/ 30 30 30
volume person
Total load W/m2 138 281 163
Design load W/m2 144 284 172

Given the consistently low PLRs observed on campus, we conducted
a simulation using 2023 operational data to evaluate the potential for
improving system efficiency through outdoor unit (OU) capacity opti-
mization (see Appendix A, Table A2). To illustrate this method, we
selected the 5th-floor lecture room system, which exhibited a moderate
PLR relative to the other representative systems.

Fig. 31 shows the relationship between PLR and COP, from which the
approximation curves A = f(Xc) for cooling and B = g(Xh) for heating
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were derived. The maximum observed PLRs were 0.65 for cooling and
0.46 for heating, suggesting that the installed capacity could theoreti-
cally be reduced to 0.65 of its current value. Using this assumption, new
approximation curves A’ = f(Xc / 0.65) and B' = g(Xh / 0.65) were
generated. The system capacity was then scaled by 1/0.65, and cor-
rected power consumption values were calculated for all generated
PLRs.

The results indicate that COP improved in the low-PLR region-
s—which occur more frequently—although some reduction was
observed in the higher PLR range. Overall, the estimated energy
reduction rates were 9.1% for cooling and 14.6% for heating (Table 7).

Approximate formulas were developed individually for all systems,
and the aggregated results are presented in Table 8. Capacity optimi-
zation of the low-load systems was predicted to reduce energy con-
sumption by 13.7% for cooling and 17.4% for heating, resulting in a
total reduction of 15.9%. On average, the OU cooling capacity could be
reduced by 31.4%.

The distribution of power reductions and reduction ratios for each
system is shown in Fig. 32. As expected, the top four systems with the
largest power reductions were the faculty offices with low PLRs, and the
fifth was the guard room, which operates 24 h/day. The 5th-floor lecture
room had a medium PLR and ranked 48th out of 100 in terms of energy
savings, which was also moderate, as expected.

The above estimation results are based on actual operational con-
ditions for capacity optimization. However, it is difficult to implement
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Fig. 31. Approximate curve of the 5th floor lecture room system (top: cooling,
bottom: heating).
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Table 7
Capacity optimization simulation results for the 5th-floor lecture room.
Current Simulation Reduction
condition value rate
Power consumption Cooling 1886 1714 9.1%
iy P Heating 2080 1776 14.6%
Total 3966 3489 12.0%
OU cooling capacity [kW] 50 325 35.0%
Table 8
Capacity optimization simulation results for all systems.
Current Simulation Reduction
condition value rate
Power consumption Cooling 160.8 138.7 13.7%
i) P Heating  215.5 177.9 17.4%
Total 376.3 316.6 15.9%
OU cooling capacity [kW] 4274.0 2932.1 31.4%

the same measures in other buildings because their actual operational
status is unknown. Therefore, these results reflect only the maximum
potential effect until the operational status becomes clear. Nevertheless,
the findings suggest that energy savings are achievable without chang-
ing the operation method by optimizing VRF system capacity at the
initial design stage.

The results of this study are broadly consistent with previous
research on VRF performance. For example, Zhang et al. [16] observed
that low partial-load operation substantially reduced system efficiency
in office buildings, which is comparable to the low PLRs and reduced
COP we identified in faculty offices at the Minoh Campus. Similarly, Liu
et al. [18] reported that part-load operation was common in residential
VRF systems, a trend also confirmed in our dataset across classrooms
and faculty offices. These findings reinforce the conclusion that partial-
load operation is a key determinant of VRF inefficiency across building
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Fig. 32. Distribution of power reductions and reduction ratios.

types.

At the same time, our study extends the literature by evaluating a
much larger system scale—100 outdoor units and 650 indoor uni-
ts—across a multi-purpose educational facility. Unlike prior studies that
primarily focused on small-scale office or residential applications, the
present work quantifies the combined impacts of user behavior, unat-
tended operation, and oversized capacity. Moreover, by simulating ca-
pacity optimization, we provide evidence of a potential 15.9% energy
reduction, which has not been explicitly quantified in earlier field
studies. This underscores both the generalizability of existing findings
and the novel contributions of our research to large-scale VRF system
management.

4. Conclusion

This study presented a comprehensive field-based evaluation of the
operational performance of a large-scale VRF system installed in a multi-
purpose university building at Osaka University's Minoh Campus. Based
on one year of high-resolution operational data from 100 outdoor units
and 650 indoor units, the study yielded the following main conclusions.

First, based on one of the largest field datasets for a VRF system in a
university building, this study demonstrated that VRF operational
characteristics and performance vary substantially across typical aca-
demic space types.

e In lecture rooms and classrooms, intermittent and schedule-driven
occupancy creates long periods without air-conditioning operation,
resulting in frequent operation at extremely low part-load ratios
(PLRs).

e In faculty offices, indoor units often operate in isolation and irreg-
ularly, further intensifying low-load operating conditions.

e In interaction spaces, where multiple indoor units operate concur-
rently, relatively higher PLRs are maintained, leading to higher
normalized COPs.

These findings indicate that prolonged low-load operation in uni-
versity buildings is not an exceptional phenomenon but a structural
consequence of educational and research space usage, and that VRF
system performance is governed more strongly by actual space-use
patterns than by equipment specifications.

Second, this study quantitatively demonstrated user-induced opera-
tional inefficiencies and the effectiveness of practical operational
improvement measures.

e Analysis of remote-controller operation revealed widespread exces-
sive setpoint settings and unintended nighttime operation across
academic spaces.
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e Practical operational measures were implemented, including
restricting extreme cooling and heating setpoints and enforcing
automatic nighttime shutdown while allowing user operation during
occupied periods.

e These measures reduced annual VRF energy consumption by 12.9%
after correcting for outdoor temperature differences.

The results indicate that unrestricted manual control alone is insuf-
ficient in large university buildings, and that VRF systems require con-
trol frameworks that permit user operation while automatically
restoring appropriate setpoints and operating states to suppress persis-
tent user-driven inefficiencies.

Third, the study linked operational analysis results to design-level
implications through capacity optimization.

e Long-term operational data revealed a systematic mismatch between
conventional design assumptions based on simultaneous full occu-
pancy and actual university usage.

o Although VRF systems allow indoor-unit-to-outdoor-unit connection
capacity ratios exceeding 100%, outdoor-unit capacity was found to
be reducible without compromising operational performance.

e Capacity optimization simulations based on observed PLR-COP re-
lationships showed that downsizing outdoor-unit capacity could
achieve an additional 15.9% reduction in energy consumption, with
an average potential capacity reduction of approximately 30%.

These findings provide quantitative support for VRF design ap-
proaches that exploit connection diversity and reflect realistic educa-
tional building usage rather than conservative peak-load assumptions.

Overall, the results demonstrate that VRF system efficiency in large
university buildings cannot be adequately evaluated or improved based
solely on design specifications or short-term testing. Long-term field
data are essential for revealing how educational space usage, user-
driven operation, and system sizing interact to degrade performance.
While the quantitative results are specific to the investigated campus,
the underlying issues—intermittent classroom use, excessive reliance on
manual control, and conservative capacity design—are common in

Appendix A. Appendix A - Simulation method

Table Al
Method for outdoor temperature correction simulation.

Applied Thermal Engineering 289 (2026) 129738

university and other institutional buildings employing individually
distributed air-conditioning systems. Therefore, the integrated approach
presented in this study, combining large-scale operational analysis,
explicit identification of user-induced inefficiencies, and capacity opti-
mization that exploits allowable connection diversity, provides a prac-
tical and transferable framework for improving VRF performance in real
educational facilities.

Nevertheless, several limitations of this study should be acknowl-
edged. First, although high-resolution operational data were used,
measurement noise and occasional data loss in the logging system
cannot be completely avoided. Second, internal heat gains from occu-
pants, lighting, and equipment were not directly measured and were
therefore evaluated indirectly through operational behavior. Third,
detailed partial occupancy information at the room level was not
available, which limits the ability to fully separate occupancy effects
from user-driven operational behavior. Future work should address
these limitations by integrating occupancy sensing, predictive mainte-
nance techniques based on long-term operational data, and automated
setpoint optimization frameworks. In addition, further development of
VRF control logic that balances user flexibility with automated resto-
ration of efficient operating states represents a key direction for
enhancing system efficiency in educational buildings.
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Use only weekday 2023 data in the simulation, considering that the use of the campus differs between weekdays and weekends.

Simulate energy consumption if the outdoor temperature in 2023 is equal to that in 2022.
2. Create a scatter plot showing the relationship between average daily outdoor temperature and daily energy consumption by cooling and heating.
Create approximate functions for cooling and heating from the scatter plots using the following equations.

3. Cooling : ae®™ + ¢
Heating : ae ™ + ¢

As an example, Fig. A1 shows the relationship between outdoor temperature and power consumption on the 5th floor interaction space in 2022 and
2023. The approximate functions decreased due to the measures, and energy efficiency improved.
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Fig. Al. Example of outdoor temperature correction for the 5th floor interaction space.

Method for capacity optimization simulation.

1.  Use only data with OU operating time of >15 min in 2023; data with shorter operation times have large errors.
2. Create a scatter plot showing the relationship between PLR and COP.
Create an approximate curve from the scatter plots using second-order spline regression.
3. Cooling: A = f(Xc)
Heating: B = g(Xh)
4 Check the maximum PLR in the subject system. For that maximum PLR, create approximate curves A' = f(Xc / X.max) and B' = g(Xh / X_max), assuming that capacity can be
: reduced to the greater of cooling or heating (X_ max = Max(Xc_max, Xh.max)).
Calculate the COP correction and power consumption correction values for each system.
5. COP Correction Value (Xc) = Measured COP(Xc) x A' / A
Power Consumption Correction Value = ZMeasured load throughput / Xc

Appendix B. Appendix B - List of Abbreviations.

Abbreviation Full term Description

VRF Variable Refrigerant Flow An air-conditioning system with variable refrigerant flow, connecting an outdoor unit with multiple indoor units via
refrigerant piping to adjust cooling and heating capacity.

ou Outdoor Unit Unit installed outdoors that compresses/expands refrigerant and exchanges heat with the outside air via a heat exchanger.

U Indoor Unit Unit installed indoors that exchanges heat between indoor air and refrigerant to control room temperature.

CoP Coefficient of Performance A performance index calculated by dividing the cooling/heating capacity by the power consumption.

CC method Compressor Curve method A capacity calculation method using the compressor performance curve, based on actual operating refrigerant mass flow and
enthalpy difference.

Qc Cooling Capacity Cooling capacity calculated from the indoor unit refrigerant mass flow and enthalpy difference.

Qh Heating Capacity Heating capacity calculated by adding the indoor unit fan power to the cooling capacity equation.

Wi Indoor Unit Fan Power Power consumption of the indoor unit fan, added or subtracted from the capacity calculation.

G Refrigerant Mass Flow Rate The mass flow rate of refrigerant, a key parameter for capacity calculation.

Ai Enthalpy Difference The difference in refrigerant enthalpy between the inlet and outlet of the indoor unit.

QVRF VRF System Capacity The total cooling/heating capacity of the VRF system.

P Power Consumption Electrical power consumed by equipment or systems.

RMSE Root Mean Square Error An error metric for regression models and correlation evaluation.

IU compressor-on Compressor-on Ratio of Ratio of compressor operation time to total operating time for the indoor unit.

ratio Indoor Unit

kw Kilowatt A unit of power (1 kW = 1000 W).

MWh Megawatt-hour A unit of energy (1 MWh = 1000 kWh).

°C Degree Celsius A unit of temperature in the Celsius scale.

Appendix C. Appendix C - List of OUs.

Model type

Number of IUs

Rated capacity (kW) Rated input

(kW)

Installed floor

(continued on next page)
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(continued)
No. Model type Number of IUs Rated capacity (kW) Rated input Installed floor
(kW)
cooling heating cooling heating
cooling heating cooling heating

1 RXUP500F 8 50.0 56.0 13.1 13.9 7
2 RXUP224F 6 22.4 25.0 5.41 5.82 7
3 RXUP560F 10 56.0 63.0 15.7 16.5 7
4 RXUP280F 3 28.0 31.5 7.84 8.24 7
5 RXUP400F 5 40.0 45.0 10.7 10.9 7
6 RXUP400F 10 40.0 45.0 10.7 10.9 8
7 RXUP280F 7 28.0 31.5 7.84 8.24 8
8 RXUP400F 8 40.0 45.0 10.7 10.9 8
9 RXUP400F 8 40.0 45.0 10.7 10.9 8
10 RXUP400F 10 40.0 45.0 10.7 10.9 9
11 RXUP280F 7 28.0 31.5 7.84 8.24 9
12 RXUP400F 8 40.0 45.0 10.7 10.9 9
13 RXUP400F 8 40.0 45.0 10.7 10.9 9
14 RXUP560F 5 56.0 63.0 15.7 16.5 5
15 RXUP450F 10 45.0 50.0 12.6 12.4 10
16 RXUP400F 7 40.0 45.0 10.7 10.9 10
17 RXUP280F 7 28.0 31.5 7.84 8.24 10
18 RXUP400F 8 40.0 45.0 10.7 10.9 10
19 RXUP400F 8 40.0 45.0 10.7 10.9 10
20 RXUP560F 5 56.0 63.0 15.7 16.5 1
21 RXUP280F 5 28.0 31.5 7.84 8.24 1
22 RXUP280F 6 28.0 31.5 7.84 8.24 2
23 RXUP280F 4 28.0 31.5 7.84 8.24 2
24 RXUP670F 13 67.0 77.5 17.9 23.1 2
25 RXUP560F 8 56.0 63.0 15.7 16.5 5
26 RXUP560F 8 56.0 63.0 15.7 16.5 5
27 RXUP224F 4 22.4 25.0 5.41 5.82 5
28 RXUP280F 4 28.0 31.5 7.84 8.24 5
29 RXUP560F 8 56.0 63.0 15.7 16.5 5
30 RXUP560F 8 56.0 63.0 15.7 16.5 6
31 RXUP560F 8 56.0 63.0 15.7 16.5 6
32 RXUP615F 8 61.5 69.0 16.8 19.1 6
33 RXUP900F 9 90.0 100.0 25.2 24.8 6
34 RXUP90OF 9 90.0 100.0 25.2 24.8 1
35 REUP560D 14 56.0 63.0 16.5 17.1 1
36 RXUP224F 5 22.4 25.0 5.41 5.82 1
37 RXUP335F 8 33.5 37.5 8.91 10.8 1
38 RXUP224F 3 22.4 25.0 5.41 5.82 1
39 RXUP615F 10 61.5 69.0 16.8 19.1 1
40 RXUP335F 9 33.5 37.5 8.91 10.8 2
41 RXUP775F 7 77.5 90.0 21 24.6 2
42 RXUP560F 8 56.0 63.0 15.7 16.5 2
43 RXUP224F 4 22.4 25.0 5.41 5.82 5
44 RXUP560F 8 56.0 63.0 15.7 16.5 5
45 RXUP280F 4 28.0 31.5 7.84 8.24 5
46 RXUP224F 3 22.4 25.0 5.41 5.82 5
47 RXUP670F 8 67.0 77.5 17.9 23.1 5
48 RXUP670F 8 67.0 77.5 17.9 23.1 5
49 RXUP560F 8 56.0 63.0 15.7 16.5 5
50 RXUP560F 6 56.0 63.0 15.7 16.5 5
51 RXUP615F 8 61.5 69.0 16.8 19.1 6
52 RXUP670F 8 67.0 77.5 17.9 23.1 6
53 RXUP670F 8 67.0 77.5 17.9 23.1 6
54 RXUP500F 13 50.0 56.0 13.1 13.9 6
55 RXUP500F 9 50.0 56.0 13.1 13.9 7
56 RXUP670F 6 67.0 77.5 17.9 23.1 7
57 RXUP400F 8 40.0 45.0 10.7 10.9 7
58 RXUP224F 4 22.4 25.0 5.41 5.82 7
59 SZVYCP450K 1 40.0 45.0 16.9 14.9 1
60 SZVYCP450K 1 40.0 45.0 16.9 14.9 1
61 SZVYCP140K 1 14.0 16.0 3.31 3.71 1
62 RXUP450F 10 45.0 50.0 12.6 12.4 8
63 RXUP450F 8 45.0 50.0 12.6 12.4 8
64 RXUP450F 8 45.0 50.0 12.6 12.4 8
65 RXUP400F 7 40.0 45.0 10.7 10.9 8
66 RXUP335F 7 33.5 37.5 8.91 10.8 8
67 RXUP450F 10 45.0 50.0 12.6 12.4 9
68 RXUP450F 8 45.0 50.0 12.6 12.4 9
69 RXUP450F 8 45.0 50.0 12.6 12.4 9
70 RXUP400F 7 40.0 45.0 10.7 10.9 9
71 RXUP280F 7 28.0 31.5 7.84 8.24 9
72 RXUP335F 2 33.5 37.5 8.91 10.8 5

(continued on next page)
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(continued)
No. Model type Number of IUs Rated capacity (kW) Rated input Installed floor
(kW)
cooling heating cooling heating

73 RXUP500F 10 50.0 56.0 13.1 13.9 10
74 RXUP560F 8 56.0 63.0 15.7 16.5 10
75 RXUP560F 8 56.0 63.0 15.7 16.5 10
76 RXUP280F 7 28.0 31.5 7.84 8.24 10
77 RXYP335FA 2 33.5 37.5 10.4 11.2 3
78 RXUP335F 5 33.5 37.5 8.91 10.8 3
79 RXUP450F 6 45.0 50.0 12.6 12.4 3
80 RXUP450F 6 45.0 50.0 12.6 12.4 3
81 RXUP450F 6 45.0 50.0 12.6 12.4 3
82 RXUPS560F 8 56.0 63.0 15.7 16.5 3
83 RXUP335F 4 33.5 37.5 8.91 10.8 3
84 RXYP730FA 5 73.0 82.5 24.9 25.9 3
85 RXUPS560F 4 56.0 63.0 15.7 16.5 3
86 RXUP224F 4 22.4 25.0 5.41 5.82 4
87 RXUP224F 4 22.4 25.0 5.41 5.82 4
88 RXUP224F 4 22.4 25.0 5.41 5.82 4
89 RXUP224F 4 22.4 25.0 5.41 5.82 4
90 RXUP224F 4 22.4 25.0 5.41 5.82 4
91 RXUP224F 4 22.4 25.0 5.41 5.82 4
92 RXYP1360F 5 136.0 150.0 45.4 48.9 4
93 RXUP224F 3 22.4 25.0 5.41 5.82 4
94 RXUP224F 4 22.4 25.0 5.41 5.82 4
95 RXUP224F 8 22.4 25.0 5.41 5.82 4
96 RXUP224F 8 22.4 25.0 5.41 5.82 4
97 RXUP224F 4 22.4 25.0 5.41 5.82 4
98 SZVCP224K 1 20.0 - 6.09 - 4
99 SZVCP224K 1 20.0 - 6.09 - 4
100 SZVCP224K 1 20.0 - 6.09 - 4
sum 650 4275 4740 1188 1252 -

Data availability

Data will be made available on request.
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