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Abstract— TThe operation of HVAC (heating, ventilation, 
and air-conditioning) accounts for a large proportion of energy 
consumption in buildings. Accurate estimation of the energy 
demand for efficient operation of HVAC is important. In this 
respect, many researches have been conducted to collect energy 
consumption data for building energy management and to use 
the collected data for analysis and prediction. Recently, with the 
advancement of AI technology, there are many studies to apply 
AAII technology to energy management. In this regard, since 
performance of AI models depend on the quality of training data, 
a method for effectively handling missing values and outliers in 
training data should be considered. This study proposes a 
method for handling missing values and outliers considering the 
semantics of data required for energy consumption prediction. 
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I. INTRODUCTION  
Demand for efficient cooling and heating management is 

increasing due to extreme weather changes due to global 
warming. Recently, efforts in related studies have been made 
for  the application of AI technology for efficient heating and 
cooling management is also being conducted. Basically, in 
order to apply AI technology, training data for learning is 
required, and the quality of the data affects the performance of 
AI model. For efficient cooling and heating management, data 
such as thermal energy consumption data and sensor values 
for measuring temperature and pressure on the thermal energy 
supply/consumption side can be required. Such data is 
meaningful only when it is normally collected and 
accumulated over a long period of time, but missing values or 
outliers may occur due to unexpected circumstances. In this 
respect, various data imputation studies have been made to 
deal with these missing values or outliers, and recently, studies 
using AI have been made[1-5]. However, AI is a black box 
type method in which rules are found and applied through data 
learning inside the system without human intervention. For 
this reason, it is difficult to know exactly which rules are 
applied to deal with missing values and outliers. In addition, 
when handling missing value or outlier data, the method for 
handling the outlier or missing value may differ not only from 
the past history of the data, but also from the hidden meaning 
of the data and its relationship with other data. Therefore, in 
this paper, we propose a method for handling missing values 
and outliers considering the semantics of energy data in order 
to prevent energy consumption prediction models from taking 
a long learning time or degrading accuracy performance due 
to outliers and missing values. 

II. RELATED RESEARCHES 

A. Machine learning methods for handling missing values 
and outliers 
Various missing data imputation researches have been 

conducted applying deep learning methods such as k-nearest 
neighbor (K-NN) method[1], support vector machines 
(SVM)[2], and convolutional neural network-long short term 
memory (CNN-LSTM) [3]. Kim et al presented a learning-
based adaptive imputation method (LAI) for handling missing 
power data in an energy system by applying k-NN 
algorithm[1]. Kasim Zor et al. compared a linear interpolation 
method and a marginal mean imputation method to handle 
missing data for energy prediction applying multilayer 
perceptron neural networks (MLPNN) and SVM[2]. Hussain 
et al. presented a framework for handling large missing values 
gaps observed in electricity consumption timeseries data of 
IoT based home appliances[3].  

Also, existing researches about outlier handling methods 
have been conducted applying supervised learning methods 
such as SVM, linear regression, decision tree, and artificial 
neural network(ANN), etc. and unsupervised learning 
methods such as clustering algorithms and association rules[4]. 
Lei et al presented a dynamic anomaly detection algorithm for 
building energy consumption data for dynamic detection of 
point anomalies and collective anomalies[5]. 

III. HANDLING ANOMALY IN RESIDENTIAL ENERGY 
CONSUMPTION DATA 

Fig. 1 shows the energy consumption data collected from 
0:00 on June 1, 2023 to 23:00 on June 19, 2023 in descending 
order, for one apartment complex (468 households), for all 
households at one-hour intervals. 

Column name Description

meter_id Individual household ID

date_time Date and time that cumulative usage value are collected 
for each household

gas Cumulative usage values for gas

hotwater Cumulative usage values for hot water

[Energy usage data collected from 2023-06-01 0:00:00~ to 2023-06-19 23:00:00]  
Fig. 1. The example of dataset of residential energy consumption 

In Fig. 2, (a) shows the number of data collected for each 
hour of the day, and (b) shows the number of data collected by 
day for the entire period.  
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(a)

(b)

 

Fig. 2. The statistics of the number of example data collected 

As shown in Fig. 2, there should be 12168 data (468 
households * 26 days) for each time zone in (a), but it can be 
seen that the number is insufficient, and in (b) for all dates 
there should be 11232 (468 households * 24 hours) data 
should exist, but it can be seen that the number of data is 
insufficient on some dates. Cases in which anomaly can occur 
based on the example data can be classified into two cases that 
the first case is where data for a certain period of time are 
missing and the second case is where temporary error in 
measuring value has been occurred. 

The first case that can be classified as an outlier is when 
the difference between the accumulated consumption data of 
the previous time zone and the accumulated consumption data 
after one hour for each household is a negative value. The 
following sample data are cases where the accumulated 
consumption difference values are negative values, and can be 
divided into two cases: normal case (a) or abnormal case (b) 
as shown in Fig. 3. 

(a) (b)

-460.7 -80.0(a.1) (b.1)

(a.2)-460.7

[i]
[i-1]

[i+1]
[i]

[i-1]

[i+1]

0.0 (b.2)

 
Fig. 3. Examples of candidates of outliers 

Case (a) can be seen as a case where the accumulated 
consumption data is reset. In (a), the accumulated 
consumption data was 461.0 until 11:00 on June 13, but it was 
measured as 0.3 at 12:00 on the same day. And the value 
measured at 13:00 is also 0.3, so it is difficult to regard it as a 
measurement error that has occurred temporarily. Case (b) can 
be regarded as a case where the measured value is abnormal 
due to a temporary measurement error. In (b), the accumulated 
consumption data was 93.8 at 13:00 on June 13, but it was 
measured as 13.8 at 14:00. At 15:00, it was recorded again as 
93.8. Since it was measured as 93.8 even at 13:00, it can be 
regarded as a temporary error.   

In the case of (a), the difference between the value of the 
(i+1)-th time zone that is an hour before the i-th time zone and 
the value of the i-th time zone is a negative value as shown in 
(a.1). Also, the difference between the value of the (i-1)-th 
time zone that is an hour after the i-th time zone and the (i+1)-
th time zone value is still a negative value as in (a.2). In the 
case of (b.2), the difference between the value of the (i-1)-th 
time zone and the value of the (i+1)-th time zone is a non-
negative value, so it can be regarded as the accumulated 
consumption data became similar to the previous one. That is, 
it can be regarded that an error has occurred temporarily. 

In order to distinguish these cases (a) and (b), the value of 
the time zone one hour later than the i-th time zone is 
compared with the value of the time zone one hour before the 
i-th time zone as shown in Fig. 4. Even in this case, if the 
difference is a negative number, it means that the accumulated 
consumption data is still being measured lower than the 
previous accumulated consumption data, so this value can be 
determined as a normal value rather than a temporary error.  

 

Calculate differences between (i-1)-th data and 
(i+1)-th data which is one hour earlier than i-th data

Does the (i-1)th data that is one hour later than 
the i-th data exist?

Yes

Differences>=0?

Yes
Replace the difference value between the (i-1)-th data and the i-th data with 

the difference value between the (i-1)-th data and the (i+1)-th data 
and classify i-th data as outlier data 

Replace the difference value between 
the i-th data and the (i+1)-th data with 0.0

No

No

 
Fig. 4. The classification logic of outliers  

The second case that can be classified as an outlier is when 
the difference between the accumulated consumption data of 
the previous time zone and the accumulated consumption data 
after one hour is above average value.  The following sample 
data are cases where the accumulated consumption difference 
values are above average values, and can be divided into two 
cases: a normal case (a) or an abnormal case (b) as shown in 
Fig. 5. The case (a) is a case where the accumulated amount 
of gas used is continuously increasing, and a large amount of 
consumption occurred at a specific point in time (a.1). The 
case (b) is a case after the data of the previous time zone has 
missed, a large amount of used amount occurred at a specific 
point in time (b.1). 

(a) (b)

(a.1) (b.1)
[i]

[i-1]

[i+1]
[i]

[i-1]

[i+1] 0.50.5
 

Fig. 5. Examples of candidates of outliers 

In order to distinguish (a) and (b) in Fig. 5, if the difference 
is greater than average, it is necessary to examine whether the 
data of the previous time zone has missed as shown in Fig. 6. 
If the time interval from the measurement time of the (i+1)-th 
data to the i-th data is greater than an hour interval, it can be 
considered as meaning that a missing data exists. If the time 
interval is greater than 1 hour, the i-th value is divided by the 
missing time interval since there may be an influence by the 
value accumulated during the missed period. If the difference 
divided by the corresponding time interval is greater than the 
average, the i-th difference can be replaced by the divided 
difference, and if it is smaller than the average, the i-th 
difference can be replaced by average value. In addition, the 
i-th data can be classified as an outlier data to identify that the 
previous time zone data is missing. 

Is the usage difference greater than 
average?

Calculate the interval between the i-th time zone and the (i+1)-th time 
zone

The time interval>1h?

Classify i-th data as an outlier data and 
divide the usage difference by the missing time interval 

Yes

Yes

Difference>average?

Replace the i-th usage difference
with 0.1

Replace the i-th usage difference 
by the divided usage difference 

Yes No

 
Fig. 6. The classification logic of outliers 
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IV. EXAMPLES 
Fig. 7 shows the number of gas consumption difference 

values for the entire dataset and the data list corresponding to 
candidates of outliers. 

[List of number of gas_diff(gas usage difference) values]

(a)

(b)

(c)

(d)

(1)

(2)

 
Fig. 7. Examples of candidates of outliers  

In (1), the data list corresponding to (a) in Fig. 7, except 
for one data difference, it can be seen that the negative values 
of accumulated consumption difference for each household 
became positive values equal to the same amount after 1 hour. 
In the case of (1), it can be regarded as the accumulated gas 
consumption was measured as a value smaller than the 
previous hour due to a temporary value error and then it was 
measured as a normal value with no change in gas 
consumption. In (2), which is the data list corresponding to (b), 
(c), and (d) in Fig. 7, in the case of (b), there are 66 values that 
accumulated consumption differences are -80.0, while there 
are 67 values that accumulated consumption differences are 
80.0. This can be seen as the case in which some change in gas 
consumption occurred when the time of occurrence of a 
temporary measurement error. Similarly, cases (c) and (d) also 
include cases in which a positive value of the same amount is 
not measured after a negative value is measured. Comparing 
with the actual data list in (2), the values calculated as -79.9 
and -79.8 were calculated as 80.0 in the next time period, 
respectively, indicating that the change in gas consumption 
occurred when the time of occurrence of a temporary 
measurement error.  

The result of handling outliers by applying the logic 
described in the previous chapter is shown in Fig. 8. 

(1)

(a)

(2)

[List of number of gas_diff(gas usage difference) values]

 
Fig. 8. Example datasets after handling outliers 

In Fig. 8(a), it can be seen that the values of 0.0, 0.1, and 
0.2 are increased instead of negative values in Fig. 7. In 
addition, the negative values that existed in (1) and (2) of Fig. 
7 are replaced with 0.0 or 0.1 and 0.2 that reflect accumulated 
values of actual consumption in (1) and (2) of Fig. 8, and 

‘g_flag’s of the replaced values are set to 1 showing them as 
outliers.  

Fig. 9 shows the number of hot water consumption 
difference values for the entire dataset and the data list 
corresponding to candidate of outliers.  

(a)

(1)

[List of number of hotwater_diff(hot water usage difference) values]

 
Fig. 9. Examples of candidates of outliers 

In (1), the measured values before the time period in which 
a negative value(a) was measured for the household and the 
measured values after the time period when the negative value 
was measured are shown. As shown in Fig. 9 (1), Until 11:00 
on June 13, 2023, 461.0 was measured as accumulated hot 
water consumption, but from an hour later, it is measured as 
0.3. Accordingly, although the negative value was calculated 
at 12:00, since accumulated consumption data are maintained 
as same values thereafter, it is difficult to regard it as a 
temporary error. In this case, since the difference in 
accumulated consumption between 11:00 and 12:00 is 
meaningless, the difference in consumption at 12:00 is set to 
0.0 according to the logic described in the previous chapter as 
shown in Fig. 10. And to show it as the outlier, the ‘hw_flag’ 
value of accumulated hot water consumption data at 12:00 
was set to 1. 

(a)
(1)

[List of number of hotwater_diff(hot water usage difference) values]

 
Fig. 10. Example datasets after preprocessing 

Fig. 11 shows the number of gas consumption difference 
values for the entire dataset and the data list corresponding to 
candidates of outliers that are above average.  

(2)

(a)

(3)

(2)

(1)

(b)

[List of number of gas_diff(gas usage difference) values]

 
Fig. 11. Examples of candidates of outliers 

In (a) of Fig. 11, it can be seen that while most of the 
accumulated consumption difference values are 0.0 or 0.1, 
various values from 0.2 to 1.4 exist. In this case, it may be the 
case that the time interval with the previous data is more than 
one hour because the accumulated consumption data to be 
collected at an hourly interval is missing. In this regard, the 
data corresponding to the difference values from 1.4 to 0.6 in 
(a) correspond to the difference values when data of the 
previous time zone is missed, as in (2). In this case, the 
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‘lost_flag’ is set to 1 to show that is affected by missing data, 
and then set to the difference value calculated by the algorithm 
in Fig. 12. In addition, from 0.5 or less, as in case (3), it is 
necessary to distinguish between a normal case and a case due 
to missed data because the case of a large amount of actual 
consumption and the case of missing data are mixed.  

(1)

(a)

[List of number of gas_diff(gas usage difference) values]

 
Fig. 12. Example datasets after preprocessing 

V. CONCLUSIONS 
In this paper, we proposed a method for handling missing 

values and outliers considering the semantics of energy 
consumption data in order to prevent energy consumption 
prediction models from taking a long learning time or 
degrading accuracy performance due to outliers and missing 

values. In the future, we will evaluate the proposed method’s 
substantiality by applying to other sites. 
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