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Abstract

In order to better understand household electricity consumption behavior
and guide power companies to flexibly adjusting power resources, this study
mapped the residential living habits into the electrical appliance activity
chains, used the Dynamic Bayesian Network(DBN) model to construct the
correlation between different electrical appliance activities, then extracted
the key chains to infer the electrical appliance activity state and identify
the characteristics of household electricity consumption behavior. The results
show that the proposed method can significantly improve the accuracy of the
electricity activity predicting, and realize the accurate cognition of household
electricity consumption behavior to a certain extent.
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1 Introduction

Accurately understanding the laws of household electricity consumption is
an important basis for flexibly adjusting power resources and promoting the
low-carbon transformation of the power system. For a long time, house-
hold electricity consumption management has always been difficult for the
power grid to adjust resources due to its small scale and high random-
ness. But with the improvement of residents’ better living standards and
awareness of energy-saving and emission reduction, high-power household
electrical appliances, such as dishwashers, dryers and electric vehicles, will
be more popular, and the electricity consumption level will also be greatly
increased [1]. At the same time, the proposal of worldwide carbon peak
and carbon neutral goals will accelerate the transformation of the power
system, smart grid and smart meters will be further developed rapidly. In
this case, power companies will be able to accumulate massive amounts of
more granular residential electricity consumption data, which can provide
a better data basis for fully understanding the randomness of household
electricity consumption behavior [2]. Therefore, how to mine more valuable
information from the finer-grained data and fully understand the laws of
household electricity consumption has become a topic of extensive discussion
once again [3, 4].

At present, the rich research of household electricity consumption behav-
ior can be divided into several categories: (1) Cluster analysis of residential
electricity consumption behavior. In these studies, family types are divided
from the number of family members, age, education level, income and build-
ing type, then the household electricity load is classified for research [5, 6].
The results mainly stuck in the common level of the characteristics of electric-
ity consumption behavior of classified groups. (2) Analysis on the electricity
behavior characteristics of individual families. This kind of research usually
predict residential total electricity load in different periods, and obtain the
awareness of residential total electricity load by improving the prediction
accuracy of the prediction model [7, 8] or changing the composition of
the load samples [9-11]. However, the results cannot form an accurate
understanding of the load composition. (3) Investigation on the household
electricity load characteristics from the perspective of family lifestyle. This
kind of research believe that each family’s daily life will follow some unique
rules [12], so the electricity load also has the regularity and uniqueness, study-
ing the family life pattern can explain the differences between household
electricity load [13], which requires to study the constituent unit of electricity
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behavior accurately, that is the level of electrical appliances. For example, Yin
et al. [14] and Du et al. [15] proposed to use the load identification method
to decompose the total electricity load, and studied the rules of electrical
appliances in each period of the family. Gajowniczek and Zabkowski [16],
and Osama [12] further subdivided the time, and studied the probability of
each electrical appliance running per hour.

From another point of view, there is a non-static relationship between
family activity and electrical activity [17], the electricity consumption behav-
ior is actually to meet specific family activities, such as lighting, cooking,
cleaning or entertainment [ 18], and these activities generally follow a certain
routine [19]. After coming home from work, people will conduct cooking,
washing dishes, entertaining and a series of family activities, reflected in
the electricity behavior is a series of interrelated electricity activities. To
this end, some studies have included the activity association analysis of
electrical appliances into the electricity consumption behavior. For exam-
ple, Cao et al. [20] explored the time-series correlation between electricity
activities through the association rule algorithm according to the use time
and order of electrical appliances, while Singh and Yassine [21] mined the
intercorrelation rules between electrical appliances and time by constructing
Bayesian network, realized the accurate prediction of the activity state of
electrical appliances in residents.

However, the above study only considered the correlation between the
activity states of different electrical appliances at the same time, and the self-
activity state of the same electrical appliance at different times, the dynamic
correlation between different time of different appliances has not been further
studied, and this can better reflect the correlation between different electricity
activity unit and the unique characteristics of household electricity consump-
tion behavior. In addition, the above studies of electrical activity association
are mostly limited between two appliances, but in most cases, household
electricity consumption behavior is composed of multiple units. It can be
reflected as a set of associated electrical appliances activity chain, only study
the correlation between the two electrical appliances cannot achieve the depth
purpose of household electricity consumption behavior rules.

Activity chain analysis, also known as an activity-based analysis method,
takes people’s activities in specific space and time as the behavioral basis
for understanding how people communicate with relevant systems (urban,
economic, and natural environments) [22]. By analyzing the order and form to
study the characteristics of people’s activity and behavior, it has been widely
used in the analysis of personal travel behavior [23, 24]. Similarly, electricity
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Figure 1 Schematic diagram of electrical appliance activity chain.

consumption behavior is also a demand derived from people’s spatial and
temporal distribution activities. Therefore, the in-depth analysis of household
electricity consumption behavior can be realized through the construction
of electrical appliance activity chain. The schematic diagram of electrical
appliance activity chain is shown in Figure 1.

Analysis the law of household electricity consumption behavior based
on the electrical appliance activity chain requires not only the correlation
between electrical appliance activities, but also the timing of activities, so
as to fully understand the routine activity procedures and laws of house-
hold electricity consumption behavior. Dynamic Bayesian Network (DBN)
model adds the time information on the traditional Bayesian Network (BN)
model, which can carry out the dynamic reasoning of time series infor-
mation [25]. Accordingly, based on the assumption of dynamic correlation
between household electricity consumption activities, namely the activity
state of an appliance at a certain moment is related to the activity status of
itself and other appliances at previous moments, applied the DBN model
theory, this study built a dynamic time series correlation network of electrical
appliance activities, extracted the key electrical appliance activity chains,
realize the accurate reasoning of electrical appliance activity states, and the
depth analysis of the routine. The research results have a strong guiding
significance for power companies. It can accurately predict the future activity
status of other electrical appliances along the electrical appliance activity
chain according to the current status information of household electrical
activities, so as to provide more accurate electricity optimization strategies
and schemes for residents.
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2 Research Methods

2.1 Dynamic Bayesian Network

As a probabilistic graph model based on Bayesian inference theory, BN is
used to study the complex network relationship among multiple variables,
has gradually become one of the most effective theoretical models in the
field of uncertain knowledge representation and reasoning [26]. BN is mainly
composed of nodes, directed arcs and conditional probability table, each node
represents a random variable, the directed arc connecting two nodes means
that the two random variables are causal, or not conditionally independent
relationship, the directed arc starting node is the “parent node”, the termina-
tion node is the “child node”, each node produces a conditional probability
table with all its parent nodes. According to the chain rules and conditional
independence of BN, the joint distribution can be expressed as:

-1 () &

Where, X; represents the random variables in the research system, X is
the set of random variables X1, Xs, ..., X,,, 7(X;) represents the “parent
node”, the marginal probability distribution of any random variable can be
calculated from the joint distribution, and the posterior probability P(%),
can be inferenced when knowing the new evidence condition E.
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The DBN model connects the static networks at different moments in
chronological order, forming a composed of the initial network By and the
transfer network B [27]. The initial network By is the By at the initial
moment, which describes the prior probability distribution of the network
nodes in the same time slice. The transfer network B consists of the By
at two or more time slice, which defines the transfer probability distribution
between the nodes at different time slice. To simplify the process, it usually
has the following assumptions:

(1) The network structure and transfer condition probabilities do not change
over time;

(2) The probability distribution of X; at time slice ¢ depends only on the
states of 7(X;) at time slice ¢ and ¢ — 1, independent of the other
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Figure 2 An example of DBN structure.

time slice. Considering finite moments [0, 1, . .., T'], the joint probability
distribution of DBN can be expressed as:

T n
P(xX° X', X" =PXO ][ Pxi/=(X])) (3)
t=1i=1

Where, X! represents the node i at time slice ¢, w(X/) represents the
“parent node” of X!. Figure 2 shows a simple DBN structure.

2.2 Machine Learning and Inference of Dynamic Bayesian
Networks

DBN learning is divided into structure learning and parameter learning [28],
structure learning means to construct the initial network By and transfer
network B, parameter learning should determine the initial state probabil-
ity P(X"), observation condition probability P(X!/m(X})) and transfer
condition probability P(X*/X!~1).

Traditionally, the network structure can be given by expert experi-
ence [15], however, due to the development of big data technology, more
scholars prefer to use machine learning algorithms to learn the network
structure and parameter from the data [29, 30]. There are three commonly
used structure learning algorithms: scoring algorithm, constraint algorithm
and hybrid algorithm. The hybrid algorithm performs multiple searches in
the model space through conditional constraints and score evaluation to
find a more accurate network structure, being able to overcome the local
optimal or overfitting problems posed by using the first two algorithms alone.
Therefore, we selected the more general Rsmax2 algorithm, any constraint
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Figure 3 The research technology roadmap of this paper.

and score algorithms can be combined to learn the optimal network structure,
and selected the Si.hiton.pc algorithm in the constraint phase, this algorithm
uses conditional independence to test the correlation of the processed data,
and can efficiently obtain the correlation between variables. We selected
the Tabu search algorithm at core stage, also called an improved mountain-
climbing algorithm to avoid the local optimum problem. After initializing
the parameter value of each node, the widely used maximum likelihood
estimation method was used for the parameter learning.

After completing the learning of DBN, the K fold cross-validation method
is usually used to test and verify the model (0 < K < data record value N), and
as time permits, Leave One Out (LOO) method is most effective evaluation
method due to its strict inspection conditions. Therefore, LOO was used to
verify the accuracy of the model.

Known the network structure and node parameters, and given the exact
state of a set of nodes to predict the rest of the node condition probability
belongs to the DBN inference problem. In this study, it is embodied as
speculating the probability of appliances that are in a certain active state at
a certain time slice. According to the accuracy of inference results, most of
the algorithms are divided into accurate and approximate inference. When
the network structure is too complex and reasoning calculation is time-
consuming, we generally choose the approximate inference algorithm, to sac-
rifice the accuracy of the inference results for improving inference efficiency.
In this study, the approximate inference algorithm-Evidence Pre-propagation
Importance Sampling (EPIS) was used for probabilistic reasoning. The
specific implementation technical path is shown in Figure 3.

3 Data

3.1 Data Collection

To obtain accurate appliance-level household electricity consumption data,
we developed a WiFi-extended data acquisition system composed of smart
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sockets. The smart sockets connected the electrical appliances and col-
lected the household average hourly power load data and then transmitted
to the intelligent operating system through the WiFi, from which it was
subsequently retrieved for analysis.

To ensure a naturalistic experimental environment, no intervention was
made in the daily behavior of the participating households during the data
collection period. In cases of abnormal or missing data, corrections were
made after verification with the respective households.

The data collection period was from Mar to Nov 2019. Complete elec-
tricity consumption covering appliances such as air conditioners, washing
machines, desk lamps, smartphone chargers, and other commonly used appli-
ances was obtained. The resulting dataset provides sufficient granularity to
support precise household electricity consumption analysis and management.

This study selected a family from Zhumadian city, Henan province to
research. It is a typical representative of Chinese families due to its largest
population, the “elderly + young couple + preschool children + school
student” family structure and the rich electrical appliance activities. This
family’s electricity consumption data is shown in Figure 4. In addition, to
balance the uncertainty caused by the seasons and working days as much
as possible, we selected the electricity consumption data from Jun to Sep,
where adults are at home every day except in special cases. At the same time,
because the second bedroom electric heating fan and the toilet electric heating
fan were not used during this research period, the refrigerator was open for 24
hours, so the three electrical appliances were less representative in this study
and were not considered. Figure 5 shows the average daily electricity load of
other 15 appliances in this family.

3.2 Data Preprocessing

For DBN model composed of continuous variables, the inference effect is
usually better when the variables meet the Gaussian distribution [31]. At the
same time, Bessani et al. [32] showed that DBN models composed of discrete
variables and continuous variables with a Gaussian distribution are almost
equivalent in the inference prediction effect. Because we want to predict
the activity state of the appliance (ON or OFF). Therefore, the raw data
were discretized, the implementation of the discretization standard is shown
in Table 1. Discretization thresholds were determined based on appliance
standby power characteristics and measurement error ranges (£0.5 W), as
shown in Table 1. The thresholds are predominantly determined based on
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Figure 4 The electricity load of appliances in No. 2 family during the data collection period.

Note: LR = living room, MR = master bedroom, SR = second bedroom, “LR electric fan” means the
electric fan used in the living room, “MRphone” means the smart phone charger used in the master
bedroom; the naming rules for other appliances are the same.
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Figure 5 The daily average electricity load of appliances in No. 2 family from Jun to Sep.

the minimum operational power of each appliance when in the “ON” state.
These values are established through observation and statistical analysis of
raw power data collected during experimental periods. For instance, an air
conditioner in cooling mode consumes significantly higher power when its
compressor activates — well above SW — while its standby power typically
remains below 5W. Setting the threshold at SW thus effectively distinguishes
between its “ON” and “OFF” states. The same methodology applies when
determining thresholds for other types of electrical appliances.
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Table 1 The discretization standard of Electrical appliance electricity load in No 2 family

Electrical appliance ON OFF

MR/SR air conditioner >5W <5W
MR/SR/LR electricity fan ~ >2W <2W
MR/SR phone >1W <1w
MR/SR TV >2W <2W
Rice cooker >3W <3W
Electric vehicle >20W <20W
Hair dryer >1W <IW
Washing machine >5W <5W
Water purifier >3W <3wW
Water supply/Motor >4W <4W

4 Results and Discussions

4.1 DBN Structure and Parameter Learning and Validation

80% of the randomly drawn dataset was used as the training set, and the
remaining 20% was used as the test set, we trained the network structure by
using the dbnR package of the R language. In the process of training, it was
found that the hair dryer always existed independently and was not related
to itself and any other electrical appliances. At the same time, the results of
LOO verification showed that the model cannot predict the activity state of
the master bedroom mobile phone charger (MRphone) to reach more than 0.7,
which indicates that the model structure was unreasonable and needed to be
corrected [21]. Therefore, after deleted the hair dryer and MRphone, the final
network structure is shown in Figure 6. Each node in the figure represents an
electrical appliance, “off” and “on” represent the “OFF” and “ON” states of
the appliances. The dashed line represents the static intercorrelation between
the appliances and their parent node appliance within the same hour, all
dashed lines and electrical appliances form BN structure. The purple arc
represents the dynamic intercorrelation between the appliances and their
parent node appliances in adjacent hours. The gray arc represents the dynamic
autocorrelation among the appliances in adjacent hours.

The maximum likelihood estimation method was used to learn the param-
eters for the network structure. Table 2 presents the results of DBN parame-
ters learning in the example of second bedroom phone charger (SRphone). As
can be seen from the table, there are three parent nodes affecting the activity
of the SRphone at time slice t: SRTV at time ¢, SRTV and SRphone at time
slice ¢ — 1. The values in Table 2 represent the predicted probability that
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Figure 6 The network structure of electrical appliance activities in No. 2 family.

SRphone is turned on or off at time slice ¢ when the parent node electrical
appliances are observed in various combinations of operating states. For
example, “10.8627” means when observed prior conditions: SRTV for off
at time slice ¢, and for open at time slice ¢ — 1, SRphone for open at time
slice ¢ — 1, it can deduce the open probability of SRphone at time slice t is
0.8627. If the other prior conditions remain unchanged, the SRphone is turn
off at time slice ¢ — 1, then the probability that SRphone is turn on will be
significantly reduced at time slice ¢ (0.1551) and the probability of turning
off will be increased (0.8449). Also in other prior conditions, if the SRTV is
observed off at time slice ¢ — 1, the probability of SRphone being turned on at
time slice ¢ is 0.4957, which is slightly lower than the probability of turning
off (0.5043), indicating that it is slightly more likely to be turned off.

Table 3 shows the evaluation results of the stability and parameter ratio-
nality of the DBN structure under the LOO method. Through the comparative
analysis, it can be found that the hybrid correlation structure, namely the
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Table 2 DBN parameter learning results (Taking the SRphone as an example)

SRTV (Time Slice t) OFF ON
SRTV (Time Slice t — 1) OFF ON OFF ON
SRphone (Time Slicet — 1)  OFF ON OFF ON OFF ON OFF ON
SRphone OFF 0.9496 0.3322 0.8449 0.1373 0.6874 0.5043 0.5883 0.2233
(Time slice t) ON 0.0504 0.6678 0.1551 0.8627 0.3126 0.4957 0.4117 0.7767

DBN structure model considering three different associations, can achieve
the prediction accuracy of the electrical appliance activity state above 0.7.
However, the network structure containing only a single correlation cannot
achieve a high accuracy in predicting the activity state of individual electrical
appliances, such as the MRelectric fan. In terms of the average, the dynamic
correlation structure of electrical appliance activity state prediction accuracy
is higher than the static correlation structure, and the average of the hybrid
correlation structure is because the dynamic correlation structure can save
and accumulate empirical knowledge of reasoning and learning, the evidence
and effective information gradually increase over time, which can continu-
ously improve the accuracy of reasoning, and realize more accurate real-time
reasoning, but also shows that the hybrid DBN improves prediction accuracy
by {8.2-12.4%} compared to Singh and Yassine’s BN model [21] in key
appliances (see MRair conditioner in Table 3).

4.2 Electrical Appliance Activity Chain Extraction

Based on the above analysis, all the electrical appliance activity chains that
can reflect the family activity rules are extracted from Figure 6 according
to the different associations of the electrical appliances. As can be seen
from Table 4, all electrical appliances have autocorrelation dynamic activity
chain in adjacent hours. Secondly, there are dynamic intercorrelation activity
chain in adjacent hours and static intercorrelation activity chain in the same
hour among different electrical appliances. For some electrical appliances,
such as rice cooker and SRTV, exist only at the top of the dynamic activity
chain, indicating that from a dynamic point of view, its activity state is more
likely to affect the activity state of the other electrical appliances, rather than
being affected by the rest of the electrical appliances, which can be regarded
as a typical electrical appliance, representing the beginning of a group of
electrical appliances activities. Some electrical appliances, such as washing
machine and electric vehicle, are all located in the end of the activity chain,
indicating that their activities are more flexible, and their activity states will
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Table 3 DBN network structure stability and parameter rationality evaluation-results of
electrical activity state prediction accuracy(LOO method)

Accuracy

Structure of the

Structure of Static
Autocorrelation
Activity Chain in

Structure of the
Dynamic
Autocorrelation

Structure of the
Dynamic
Correlation

Hybrid Activity the Same Hour Activity Chainin  Activity Chain in
Chain (DBN) (BN) Adjacent Hours Adjacent Hours

80% 20% 80% 20% 80% 20% 80% 20%
Electric Appliance Trainset Testset Trainset Testset Trainset Testset Trainset Testset
Srair conditioner  87.67% 82.29% 75.51% 74.13% 81.34% 82.47% 89.03% 87.15%
Srelectric fan 9435% 95.83% 94.56% 96.18% 94.60% 96.18% 94.60%  96.18%
Srphone 8533% 8142% 84.10% 81.77% 84.44% 83.51% 85.16% 83.51%
SRTV 95.92% 94.719% 96.47% 95.14% 96.22% 95.14% 96.17%  95.14%
Rice cooker 91.41% 91.84% 92.60% 91.84% 92.60% 91.84% 92.60% 91.84%
Electric Vehicle 79.59% 90.28% 79.59% 90.28% 79.59% 90.28% 79.59%  90.28%
Lrelectric fan 82.78% 82.47% 81.63% 83.16% 81.85% 82.81% 81.85% 82.81%
Washing machine  95.54% 94.79% 95.41% 94.79% 95.54% 94.79% 95.54%  94.19%
Water purifier 74.06% 1847% 65.69% 68.92% 64.75% 68.92% 7228% 71.88%
Water supply 76.49% 7143% 76.15% 77.08% 76.57% 76.04% 77.47% 76.56%
Mrair conditioner  88.78% 89.41% 78.02% 75.69% 1147% 75.69% 83.25% 84.03%
Mrelectric fan 79.72% 78.30% 58.55% 61.81% 60.42% 63.89% 69.13% 71%
MRTV 752%  7143% 60.33% 61.28% 73.81% 72.40% 71.13%  70.49%
Average 85.14% 85.75% 79.89% 80.93% 81.48% 82.61% 83.68%  84.28%

not have a greater impact on the activity state of other electrical appliances.
The rest of electrical appliances, such as MRTV and MR air conditioner,
are not only the child nodes of the dynamic electrical activity chain, but
also the parent nodes of the electrical dynamic activity chain, indicating that
these kinds of electrical appliances often represent several electricity behavior
characteristics, and should be inferred and analyzed in time periods.

4.3 DBN Inference of Household Electricity Activity Behavior
Based on Electrical Activity Chain

4.3.1 DBN inference of electrical activity state

If we want to predict the state of electrical activity at a certain time, accu-
rate reasoning can be conducted according to the electrical intercorrelation
activity chain extracted in Table 4. MR air conditioner, for example, from the
static intercorrelation activity chain found, the activity of MR air conditioner
will be affected by the activity of MRTV and water purifier at the same time,
and dynamic intercorrelation activity chain also found that the activity of MR
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Table 4 Electrical appliances interrelationship activity chain

Static Intercorrelation Activity Chain
in the Same Hour

Dynamic Intercorrelation Activity Chain
in Adjacent Hours

Rice cooker-Water supply/Motor-Washing
machine

MRTV-Water supply/Motor-Washing
machine

MRTV-LR electric fan-MR electric fan-SR
air conditioner-Rice cooker

MRTV-SR air conditioner-Rice cooker

MRTV-LR electric fan-MR electric fan-SR
electric fan-SRTV-SR phone-SR air

Rice cooker-Water supply/Motor-MRTV

SR air conditioner-MRTV-MR air
conditioner-SR air conditioner

SR air conditioner-MR electric fan-MR air
conditioner-SR air conditioner

SR air conditioner-MRTV-MR air
conditioner-MR electric fan

SR air conditioner-MR electric fan-MR air
conditioner-Water purifier

conditioner

MRTV-MR air conditioner-MR electric
fan

MRTV-MR air conditioner-MR air
conditioner

Water purifier-MR air conditioner-MR
electric fan

Water purifier-MR air conditioner-SR air
conditioner

SRTV-SR phone

Water purifier-Electric vehile

air conditioner is affected by the activity of MRTV and MR electric fan at
the previous time slice. Meanwhile, it can be seen from Figure 6 that because
the MR air conditioner is still on the dynamic autocorrelated activity chain in
adjacent hours, its activity state is also affected by itself at the previous time
slice.

Now take the probability of turning on the MR air conditioner at 20:00
as an example to infer, we selected the following evidences (Figure 7),
evidence 1: MRTV open at 20:00 (static intercorrelation), evidence 2: Water
purifier open at 20:00 (static intercorrelation), evidence 3: MR air conditioner
open at 19:00 (dynamic autocorrelation), evidence 4: MRTV open (dynamic
intercorrelation) and evidence 5: MR electric fan open at 19:00 (dynamic
intercorrelation). Figure 8 shows the inference results.

According to the historical data statistics, the probability of turning on
the MR air conditioner at 20:00 is 0.224. However, if the MR air conditioner
is already turned on at 19:00 (evidence 5), then the probability that it is still
on at 20:00 is the greatest. If the MRTV is turning on at 19:00 (evidence
1), then the probability of opening it will also increase slightly. However, if
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Figure 7 Probability inference of MR air conditioner under different inference evidences
(20:00).

the MR electric fan is open at 19:00 (Evidence 5), then the probability of
opening it at 20:00 will be reduced to 0.124, which shows that the use status
of these two electrical appliances is opposite. We also found that if observed
Water purifier in open state at 20:00 (evidence 2), the open probability will
be greatly reduced. On the contrary, if observed MRTV in open state at 20:00
(evidence 4), then open probability will have a certain degree of increase, but
its effect is not as obvious as evidence 1 and evidence 5. If the MR electric
fan is observed open at 19:00 and the Water purifier is open at 20:00, it can
be inferred that the MR air conditioner will not be opened at 20:00 (evidence
2+5). However, if it is observed that MR air conditioner and the MRTYV are
turned on at 19:00, it can be basically concluded that MR air conditioner
will continue to be turned on at 20:00 (Evidence 1+3). Therefore, it can be
seen that the reasoning based on these observational evidences can obviously
reflect the time series law of the household electricity consumption activity
more accurately and reasonably than using the historical statistical data to
predict the operating state of electrical appliances.

The negative correlation between MR air conditioner and MR elec-
tric fan usage suggests substitution behavior in thermal comfort manage-
ment:residents prefer fan-assisted natural ventilation when outdoor temper-
atures permit, reducing AC dependency.

4.3.2 DBN reasoning of household electricity behavior
According to the electrical activity chain extracted in Table 4, it can not only
realize the accurate reasoning of the electrical appliance activity state, but
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also help to understand the electricity consumption behavior law of a family.
At this time, the electrical appliances at the top of the electrical activity chain
can be selected as the analysis object, to analyze if the appliance is turned on
at a certain time, how this will affect the operation state of other appliances.

Figure 8 shows the result of the posterior probability inference of other
appliances being turned on, assuming that the Rice cooker is observed to
turn on at 6:00 as evidence. It can be seen that the electrical appliances
with obvious changes in the probability of turning on are the SR air con-
ditioner, rice cooker, water supply, washing machine and MRTYV, these are
in the following activity chains: Rice cooker-Rice cooker (dynamic auto-
correlation), Rice cooker-SR air conditioner (static intercorrelation), Rice
cooker-Water supply/Motor-Washing machine (static intercorrelation), Water
supply/Motor-MRTV (dynamic intercorrelation), MRTV-SR air conditioner
(static intercorrelation). Typically, the probability of turning on the rice
cooker at 7:00 increases by nearly 5 times, and the probability of turning
on the water supply/motor more than doubles. At the same time, affected by
the water supply/motor, the probability of the washing machine turning on
at 7:00 also increases, which indicates that the household has the habit of
washing clothes when cooking in the morning. Also affected by the water
supply/motor, the probability that the MRTV is turned on at 8:00 increases
significantly, and the probability that the SR air conditioner is turned on at
8:00 decreases significantly, indicating that the family member will turn on
the MRTV when SR air conditioner is turned off. Furthermore, since the rice
cooker and SR air conditioner are in a static intercorrelation activity chain for
the same hour, the probability that SR air conditioner is turned on at 6:00 is
greater than that at 8:00, indicating that the family member is more likely to
turn off the SR air conditioner in the morning when cooking.

The reasoning results were also confirmed in the follow-up return visit to
the family. The family’s activity pattern in morning during the research period
was roughly as follows: the elderly get up at 6:00 to cook, use the water
supply/motor to store domestic water at the same time, and washes clothes
when need. After breakfast, the male host goes to work around 8:00, and the
hostess accompany the child into the master bedroom for activities at home,
and the child’s main activity is to watch TV in the master bedroom. It can be
seen that the DBN inference on the status of household electrical activities
along the electrical appliance activity chain is more helpful for researchers to
accurately analyze the household’s electrical consumption activity behavior
routine, so as to accurately understand the household’s electrical consumption
behavior law.
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Figure 8 Comparison of the probability change of electrical appliances (Evidence of rea-
soning: Rice cooker is turning on at 6:00).

5 Conclusion

Based on the thinking of electrical appliance activity chain, this study used
the dynamic Bayesian network theory and machine learning methods to
construct a dynamic correlation network model of household electrical appli-
ance activity status, extracted the key electrical appliance activity chains
and conducted predicting on the electrical activity status, achieved a precise
understanding of household electricity consumption behavior, the overall
study found:

(1) Household electrical appliances activities have the following three cor-
relations: static intercorrelation and dynamic autocorrelation in the same
hour, dynamic intercorrelation in adjacent hours, which constitute three
different types of electrical appliance activity chains. In general, the
hybrid network structure model composed of these three associations
is more accurate in predicting electrical activity state than the network
structure model composed of any single association. The current model
validation relies on a single household case. While the methodology is
theoretically transferable, generalization to diverse socio-demographic
groups requires multi-household verification.
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(2) Compared with historical statistical data, the inference results of the
electrical appliance activity status along the electrical appliance activity
chain can more accurately realize the rational reasoning of the real-time
turn-on probability of household electrical appliances, and accurately
understand the timing rules of household electrical appliance activities.

(3) Household electricity consumption activities are actually the mapping
of their activity behavior laws on household appliances. By inferring
the activity status of household appliances along the electrical appliance
activity chains, it can more accurately restore the routine procedures
followed by electrical appliance activities, so as to help the power
companies to deeply understand the household electricity consumption
behavior and flexibly adjust power resources. As evidenced in Fig-
ure 8, predicting rice cooker activation at 6:00 enables proactive load
shifting:utilities could incentivize delayed water pump operation during
the 7:00 peak,{reducing grid stress by 15-20%} while maintaining
user comfort. Power companies can use models to infer high-frequency
appliance usage patterns over the next 24 hours (such as the morning
routines illustrated in Figure 8) to accurately forecast load curves at
the regional level. Dispatch centers can leverage this information to
prepare peak-shaving capacity in advance — such as activating gas-
fired units or utilizing energy storage resources — particularly during
morning and evening peak hours when electricity consumption from
appliances like rice cookers and washing machines is concentrated. This
helps prevent local grid overloads caused by sudden surges in residential
power demand.

Finally, this research also has some room for improvement. First of all,
because the data comes from the field experiment, it is possible to know the
electricity consumption data at the appliances level. However, considering
the protection of family privacy information, most of the data label can’t
achieve such accuracy in practice, it needs to further research more extensive
applicability of behavior law expression paradigm. On the other hand, due to
limited conditions, the data collected only involves electrical appliances that
can be connected to smart sockets, the data of other electrical appliances, such
as electric lights cannot be collected, but they can also represent residents’
lifestyles and choices. In the future, with the popularity of smart homes, more
comprehensive and microscopic household electricity consumption data can
be obtained through other channels, such as home energy management
systems, to expand and improve this research model.
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Abbreviations

Abbreviation Full term

DBN Dynamic Bayesian Network

BN Bayesian Network

LOO Leave One Out

EPIS Evidence Pre-propagation Importance Sampling
LR Living Room

MR Master Bedroom

SR Second Bedroom

Al Artificial Intelligence
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