________________________________________________________________________________________________

Analysis of Large Scale Air Conditioner User Behaviour in China Based on Data Mining
Method
1

Hua Liu1 , Mingyang Qian2, Da Yan2,*
State Key Laboratory of Air-conditioning Equipment and System Energy Conservation, Zhuhai,
China
2
School of Architecture, Tsinghua University, Beijing, China

Abstract
The paper used the big scale sub-metered data of 499
VRF systems in residential buildings to bring out the real
using state of the air conditioner in China. Data mining
methods were proposed for analysis, including data
statistics and cluster analysis. It provided the real
distribution of using duration, setting parameters of
occupants and indoor environment of air conditioner and
typical behaviour patterns of using VRF in order to help
VRF systems designing and operation. This study found
that most of the residents in China tend not to use all the
indoor AC units at the same time.

Introduction
Air conditioner user behaviour is a significant factor in
building energy consumption. The nature of occupant
behaviour is stochastic and the real using state of air
conditioner has a big diversity(Yan et al., 2017). Due to
the diversity, it is hard to get the real using state of the air
conditioner by a limited field test. The large scale of the
questionnaire also cannot get the real using state, as there
is always a gap between questionnaire and the real state,
which is depending on designing of questionnaire and
samples of questionnaires(Feng, Yan, Wang, & Sun,
2016). On the other hand, with the advancement of
intelligent residence and internet of things as well as mass
data storage and transfer techniques, the availability of
building energy data is growing rapidly(Fan, Xiao, Li, &
Wang, 2018). For a large scale dataset, data mining
method is a good tool to deal with it(Han, Pei, & Kamber,
2011). Thus, data mining methods are becoming possible
and effective in the analysis of air conditioner user
behaviour.
Data mining methods have been applied to different fields
for building science. Hou, Z. et al (2006) used a data
mining method to do sensor fault diagnosis(Hou, Lian,
Yao, & Yuan, 2006). Kusiak, A. et al (2010) proposed the
cooling output simulation model by data mining
methods(Kusiak & Li, 2010). Kim, H. et al (2011) used
data visualization to design energy efficient
buildings(Kim, Stumpf, & Kim, 2011). Yu, Z. et al(2012)
discovered the association's rules from building operating
data(Kim et al., 2011). Noussan et al(2018) applied data
statistics method to do the benchmarking for 2.9 million
households energy consumption. In addition, data mining
*

methods have been applied in the research for occupant
behaviour in buildings(Noussan & Nastasi, 2018). Duarte,
C. et al(2013) tried to use the data mining method to get
the occupancy patterns in an office building(Duarte, Van
Den Wymelenberg, & Rieger, 2013). D'Oca, S. et al
(2015) proposed a data mining framework to get the
occupancy in buildings based on a data set of 16
offices(D’Oca & Hong, 2015). An, J. et al (2018) used
statistics method and clustering to get occupant behaviour
of air in a residential community(An, Yan, & Hong,
2018). However, the data used by the previous research
only represented several cases or in the same cities, which
cannot meet the large scale requirement for occupant
diversity. So it is necessary to get more data for air
conditioner user behaviour covering more places.
Variable Refrigerant Flow (VRF) systems are refrigerant
systems, which are generally comprised of an outdoor unit
serving multiple indoor units connected by a refrigerant
piping network. The operating data of VRF indoor units
is a good way to get the real using state of air conditioner
user behaviour. In addition, for the VRF system, the
occupant behaviour is especially important because of the
complicated operation modes(Yu, Yan, Sun, Hong, &
Zhu, 2016).
So, this paper proposed a data mining method on a large
scale operating data of 499 VRF systems equipped with
sub-meters, which are located in all climate zones in
China. This dataset can provide the real using state of
VRF systems in China. The data mining method included
data statistics and cluster analysis. It provided the real
distribution of using duration, setting parameters of
occupants and indoor environment of air conditioner and
typical behaviour patterns of using VRF in order to help
VRF systems designing and operation.
The first section introduces the dataset and roadmap of the
research methodology. The second section presents an
analysis of the results of data mining. The third section
discussed the potential application of the results of data
mining. The final section presented the conclusion and
recommendations.

Dataset and methods
Dataset introduction
The dataset in this paper is the operating data of 499 VRF
systems equipped with sub-meters, which are located in
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all climate zones in China. Data was measured by the
sensor of air conditioning, which was used for the control
of the system. The dataset was provided by manufactory
and all the data was anonymized. The distribution of VRF
systems in all climate zones is shown in Figure 1(where
144 systems with the unknown location were excluded).
The most of cases are located in the Hot Summer and Cold
Winter climate zone.

Figure 1: Distribution of VRF systems in climate zones
of China.
All the VRF systems are located in residential buildings.
Each of the VRF systems can represent one household
sample for air conditioner occupant behaviour. The
indoor units of different VRF systems varied from 2 to 31.
The distribution of indoor units amount is shown in Figure
2. The main type of VRF is one outdoor unit with 4-5
indoor units.

Figure 2: Distribution of VRF indoor units amount.
The dataset included setting parameters and indoor
environment data, which are shown in Table 1. Each
indoor unit had all these nine parameters.
Table 1: Parameters in the dataset.
No.
1
2
3
4
5
6
7
8
9

Parameter name
Setting temperature
Setting fan speed
Indoor unit mode
On/off state
Vertical sweep state
Horizontal sweep state
Indoor temperature
Indoor relative humidity
Record time

Range
[16,30]℃
three-speed levels
Heating/cooling
On/off
On/off
On/off
[0,40] ℃
[0,100%]
Time step is 6s-60s

The research obtained the metered data of each indoor
unit from Jun. 2016 to Sept. 2016 and Nov. 2016 to Feb.
2017. As the dataset covered the cooling season for VRF
systems, this paper focused on occupant behaviour of
VRF for cooling only.

Overview of methodology
The methodology of the research is shown in Figure 3.
Firstly, data pre-processing such as data sampling, data
cleaning and data reduction was conducted to the big scale
sub-metered data. Secondly, Data mining methods were
proposed for the analysis of large scale air conditioner
user behaviour in China. The main data mining methods
for analysis included data statistics and cluster analysis.
The calculated results from data statistics provided the
distribution of using time, setting parameters of occupants
and indoor environment of the air conditioner. Typical
behaviour patterns of using VRF systems were calculated
by sampling and clustering module. Finally, the paper will
discuss the knowledge discovered in the data mining give
the recommendation for the air conditioner designing and
operation.

Figure 3: the roadmap of methodology.
Pre-processing of the dataset included data sampling, data
cleaning and data unification. As the paper focused on the
cooling mode of VRF, the part of samples in cooling
mode was collected from the original dataset. Secondly,
there was data leakage as ‘NULL', which was deleted for
cleaning. Finally, in order to do clustering analysis, data
unification for hourly data was conducted to record the
time of data.
Statistical analysis was proposed for the distribution of
real using state of VRF due to the diversity of occupant
behaviour. The statistical analysis was conducted by
calculated the using duration for different conditions. For
example, it collected all the operating data with 26 ℃
setting temperature and calculated the average using
duration per household by ‘record time' parameter. Then
the using duration with 26 ℃ setting temperature was
divided by the sum of using duration for all setting
temperatures to calculate the proportion. Finally, it got the
distribution. The indicators of using state calculated in
this paper are listed in Table 2. In order to reflect one use's
behaviour, this paper used operating data of used one
indoor unit to represent one user's behaviour. In addition,
the distributions for different months were discussed.
Table 2: Indicators of using state.
No.
1

Indicator name
Using duration

2

Setting temperature

3

Setting fan speed

4

Vertical sweep state

5

Horizontal sweep state

6

Indoor temperature

Definition
Time length when the indoor
unit is on.
Setpoint temperature of the
indoor unit
Setpoint fan speed of the
indoor unit
Vertical sweep state of the
indoor unit
Horizontal sweep state of the
indoor unit
Temperature of the indoor
unit return air

________________________________________________________________________________________________
2152
Proceedings of the 16th IBPSA Conference
Rome, Italy, Sept. 2-4, 2019

________________________________________________________________________________________________
Using patterns is time series data, which cannot be
described only using one value indicator. So, clustering
analysis was conducted to get typical using patterns of
VRF, which is a process of partitioning a set observation
into subsets in a way that objects belong to the same
cluster have high similarity while objects belonging to
different clusters have low similarity. The study only
conducted a clustering analysis of using patterns in this
paper. K-means algorithm was chosen to get the patterns,
which
is
highly
popular
in
curve
clustering(Meesrikamolkul,
Niennattrakul,
&
Ratanamahatana, 2012). The K-means clustering method
groups a dataset of N input vectors to C clusters using an
iterative procedure. Initially, the weights of the C clusters
are determined, and a random selection among the N input
vectors is made for the cluster centroids. The estimated
centroids are then used to classify objects into clusters
through Euclidean distances, expressed by equation (1).
1

𝑑(𝑥, 𝑦) = (∑𝑛𝑖=1|𝑥𝑖 − 𝑦𝑖 |𝑝 )𝑝
(1)
where 𝑥 = (𝑥1 , 𝑥2 …, 𝑥𝑛 ), 𝑦 = (𝑦1 , 𝑦2 …, 𝑦𝑛 ) are two
objects in a Euclidean n-space; p=2
The Davies–Bouldin index (DBI) (introduced by David L.
Davies and Donald W. Bouldin in 1979) is a metric for
evaluating clustering algorithms. The lower DBI
represented better clustering, which is calculated by
equation (2). It can help determine the number of
clusters(Davies & Bouldin, 1979).
̅̅̅𝑗
𝑆̅𝑖 +𝑆

1

𝐷𝐵𝐼 = ∑𝑁
𝑖=1 max (
𝑁

𝑗≠𝑖

𝑀𝑖,𝑗

)

big diversity of households. It revealed that using duration
for cooling in August is higher than in other months.

Figure 5: The quartile map of using duration for cooling
by VRF in different months.
The setting temperature distribution is shown in Figure 6,
which is bimodal distribution. 24-26 ℃ and 16 ℃ are
setting the temperature for most using duration. The
setting fan speed level distribution is presented in Figure
7. It revealed that low and high-level fan speed is set for
more than 80% time. The proportion of vertical sweep
state and horizontal sweep state is shown in Figure 8. It
can prove that the vertical sweep is more useful for users,
which is on for about 58% duration.

(2)

where 𝑆𝑖 is a measure of scatter within the cluster; 𝑀𝑖,𝑗 is
a measure of separation between cluster i and cluster j; N
is numer of clusters.

Results analysis for real using state of VRF
Distribution of real using state of VRF
Through the data pre-processing, 480 household samples
were collected for data mining work, which contained
2064 indoor units. Using the duration of VRF for cooling
distribution is presented in Figure 4. The maximum using
duration for cooling by VRF is 2486 hours. The average
using duration for cooling by VRF is 183 hours. As shown
in Figure 5, the main cooling period is from Jun. to Sept.,
which illustrated the common cooling common possible
maximum time is 2928 hours.

Figure 6: The distribution of setting temperature.

Figure 7: The distribution of setting fan speed level.

Figure 4: Using duration for cooling by VRF.
The quartile map of using duration for cooling by VRF in
different months is shown in Figure 5, which reflected the
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Figure 8: The proportion of vertical sweep state and
horizontal sweep state.
The distribution of indoor air temperature when VRF
indoor unit is on is shown in Figure 9, which is unimodal
distribution. When VRF is using for cooling, the indoor
temperature is 24-27℃ for the most time.

Figure 9: The distribution of indoor air temperature.
Typical using patterns of VRF
A VRF system included an outdoor unit and several
indoor units. For the VRF systems, it is important to know
what time and how many indoor units are using, which is
represented by using patterns. Using patterns of VRF is
significant for VRF designing and operating. The using
pattern in this paper is defined as the simultaneous usage
rate for each hour in one day. The average amount of
indoor units used in an hour divided by the total amount
of indoor units. An example of the calculated result of
using a pattern for VRF systems with a total of four indoor
units is shown in Figure 10. Through the sampling, 13,836
days of using patterns are conducted by clustering
analysis.

Figure 10: An example of using a pattern for VRF
systems with a total of 4 indoor units.
Through the trial calculation, Davies–Bouldin index (DBI)
is calculated for each time, which is presented in Figure
11. It determined that five clusters for the clustering are
better as DBI for 5 clusters is lower.

Figure 11: DBI for different number of clusters.
K-means algorithm clustering was chosen to get the
patterns. The clustering results for five clusters are shown
in Figure 12, where the clustering centres are presented
on the right. The part of samples from 5 clusters are on
the left, where black and white represented 100 % and 0%
simultaneous usage rate.
Cluster 1 represented an especially low usage for one day.
Cluster 2 represented a continuous usage during one day
while simultaneous usage rate is lower than 0.5 for most
of the time. Both Cluster 1 and Cluster2 revealed that
residents tended using air conditioning more in the
evening rather than daytime. Cluster 3 represented using
pattern mainly in the night time and simultaneous usage
rate is low. Cluster 4 represented high simultaneous usage,
where simultaneous started increasing at 7:00 and reach a
peak at 18:00. Cluster 5 represented using pattern mainly
in the daytime, where simultaneous started increasing at
7:00 and reach a peak at 16:00.
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Secondly, the setting point parameters' distributions can
help the VRF designer understand the users' preference,
such as 25-26℃ for set point temperature. For the high
proportion for 16 ℃ setting point temperature, it may
require more effort to raise the energy conservation
awareness of households by the government. In addition,
it found that vertical sweep is commonly used rather than
horizontal sweep, which may reflect that horizontal sweep
is not so helpful to improve the thermal comfort level.
Thirdly, the indoor environment distribution can help get
real thermal comfort knowledge. The indoor temperature
proportion achieves a peak at 26℃. It may support that
the thermal comfort temperature in China for cooling is
26 ℃.
Finally, the clustering analysis brought that most of the
residents in China tend not to use all the indoor AC units
for all day and for most cases the simultaneous usage is
lower than 0.5. It may require VRF systems operating
efficiently for serious partial load, which can contribute to
the development of new types of VRF systems. The
typical using patterns can help the VRF systems to adjust
itself to provide a better thermal environment for users
with low energy consumption.
Figure 12: Cluster results.
The proportion of each cluster is shown in Figure 13. It
revealed that only 5% of days are cluster 4 pattern, which
high simultaneous usage. In addition, there are only 36
days with 100% simultaneous usage continuously, which
is 0.26% of all sampling days. It can conclude that most
of the residents in China tend not to use all the indoor AC
units at the same time.

Figure 13: Proportion of each cluster.

Discussion on potential applications of
outcomes
The bid data method brought out the real distribution of
using duration, setting parameters of occupants and
indoor environment of air conditioner and typical
behaviour patterns of using VRF, which are helpful for
VRF designing and operating.
Firstly, the big diversity of using duration supported the
significance of occupant behaviour to VRF systems. In
addition, For the using duration for cooling in different
months, the high usage in July and August may draw
attention to VRF designing.

Conclusions
This research conducted data mining methods, including
statistical analysis and clustering analysis on the big scale
sub-metered data of 499 VRF systems in residential
buildings to bring out the real using state of the air
conditioner in China. There are four main outcomes of the
study:
(1) The occupant behaviour of using VRF systems in
China has a big diversity, which revealed by the big
diversity of using duration. It supported the
significance of occupant behaviour research for air
conditioners. For the using duration for cooling in
different months, the high usage in July and August
may draw the attention for VRF designing.
(2) The setting temperature distribution is bimodal
distribution, where 24-26℃ and 16℃ are two peak
setting temperature for most using duration. It may
require more effort to raise the energy conservation
awareness of households by the government.
(3) The indoor temperature proportion achieves a peak at
26 ℃ . It may support that the thermal comfort
temperature in China for cooling is 26 ℃.
(4) Typical using patterns of VRF systems showed that
it is rare 100% simultaneous usage continuously for
one day. In addition, most of the residents in China
tend not to use all the indoor AC units at the same
time. It may require VRF systems operating
efficiently for serious partial load, which can
contribute to the development of new types of VRF
systems.
For the limitation of this paper, this paper used operating
data of used one indoor unit to represent one user's
behaviour. It may ignore the cases with more than one
user using the same indoor unit. More data and method is
necessary to develop for this topic in the future. More
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analysis for relationships between the key indicators and
other environmental parameters such as outdoor
temperature is a key point for further research for the
topic.
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