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ABSTRACT

KEYWORDS

With the rapid development of smart home technologies, various
smart devices have entered and brought convenience to people’s
daily life. Meanwhile, higher demands for smart home services
have gradually emerged, which cannot be well satisfied by using
traditional service provisioning manners. This is because traditional
smart home control systems commonly rely on manual operations
and fixed rules, which cannot satisfy changeable user demands and
may seriously degrade the user experience. Therefore, it is necessary to capture user preferences based on their historical behavior data. To address the above problems, a temporal knowledge
graph is first proposed to support the acquisition of user-perceived
environmental data and user behavior data. Next, a user-oriented
smart home service prediction model is designed based on the temporal knowledge graph, which can predict the service status and
automatically perform the corresponding service for each user. Finally, a prototype system is built according to a real-world smart
home environment. The experimental results show that the proposed method can provide personalized smart home services and
well satisfy user demands.

Smart home, Temporal knowledge graph, Spatio-temporal data, Internet of things, Software Adaption
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1 INTRODUCTION
With the popularity of smart home, various smart devices have entered and brought convenience to people’s daily life. Smart home
technologies brought many conveniences to daily life through the
diverse services provided by various smart devices [18]. At present,
all major smart device manufacturers are committed to creating
smart home ecosystems for their users. However, devices from different manufacturers are not able to interact with each other, and
users who want to use a certain brand of smart devices must install that brand-specific APP to control the corresponding smart
devices [1].
Meanwhile, higher demands for smart home services have gradually emerged. Smart home system with only simple device control
function has lost its competitiveness, and users need more intelligent, senseless and personalized services [11]. To build a better
smart home system without the collaboration of devices is impossible. For example, to automatically turn off the air conditioner in
the bedroom and turn on the air conditioner in the living room
when the user leaves bedroom and walks to the living room, the
air conditioners in both rooms need to be linked with the user’s
positioning device. To satisfy complex user demands in different
scenarios, it is necessary to make a higher level abstractions of devices and write corresponding service programs based on these abstractions. In addition, the needs of different users are not exactly
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the same, for example, each person has a different temperature acceptance level, therefore the threshold at which the air conditioner
needs to be turned on varies. In order to satisfy individual user
demands, existing solutions often allow users to set fixed device
control rules.
However, there are several issues with existing methods. First,
smart home devices from different manufacturers do not work together because each manufacturer is committed to constructing
its ecosystem. The products of different brands are not interoperable and fragmented. It is difficult to form an integrated smart
home experience with devices isolated. At the same time, the heterogeneity of smart devices is also a great challenge that developers have to face during building smart home system [8, 24]. Second, existing control methods of smart devices mostly rely on the
user’s remote control through terminal devices or fixed rules configured by the user to provide services. Remote control of smart
home devices does not achieve true intelligence, and their device
control commands still need to be issued manually by users. Although the preset rules have achieved a certain degree of intelligence, the rigid rules cannot adapt to the complex and changing environment. Moreover, numerous rule-setting process brings a certain using threshold and learning cost to users while using smart
home. Some smart home systems even require users to spend a
lot of time and energy to learn how to set rules [2]. Finally, user
demands are based on the status of their own surrounding environment, which makes personalized smart home services inseparable from the perception of users’ surrounding environment and its
changes. Therefore, establishing a connection between the smart
home system and environmental knowledge to provide real-time
and flexible targeted services is essential for intelligent, senseless,
and personalized smart home services.
At present, the data of individual devices alone cannot represent
the user’s surrounding environment well. The previous work models devices by introducing runtime knowledge graphs [6], abstracts
the functions provided by each smart home device into multiple
services with a single function and constructs a user-perceivable
environment through a series of semantic rules. Based on the concepts above, the perceptible status of environment and device around
the user can be reflected, and the control command of devices can
be realized through a runtime knowledge graph. Some services
based on fixed rules can be achieved through the existing runtime
knowledge graph model. However, as mentioned above, in addition to the configuration of rules being very tedious, the preset
rules do not take into account the contextual data of user behavior,
which cannot well meet the changeable, complex, and personalized
demands of users.
Therefore, a spatio-temporal data-driven smart home service control method is proposed, which can learn preference from users’
historical behavior data, build a personalized model to predict users’
operation, and use a runtime knowledge graph to automatically execute service operations for users. This method extends the original runtime knowledge graph model in the time dimension to provide historical data. First, we extend the knowledge graph to temporal knowledge graph with temporal capability. The TKG possesses the ability to provide the knowledge graph status data at
any moment in the past specific period. We read and record the device status of each moment based on the time interval specified by
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the scenario and construct the knowledge graph model of the corresponding time slice. By constructing the knowledge graph time
slices over a period, we can obtain the environmental status values
and their changes perceived by users in that time slice. Finally, to
solve the challenge of complex rule-setting and realizing the selfupdating of rules, we propose a spatio-temporal data-driven automatic execution method for smart home services. The method
models user preferences by collecting user-perceived environmental history data and corresponding service status through temporal
knowledge graph (TKG), makes service status prediction based on
the environmental status within a time window, and translates the
prediction into specific device operations using a TKG. The method
liberates users from complex and tedious smart home rule-setting
operations, greatly improves the convenience of smart home usage
and brings intelligent and senseless smart home user experience to
users.

2 RELATED WORK
The smart home [13] is an important application scenario of an IoT
[22] system. How to realize a smarter smart home automation system has been widely concerned by academia and industry. Smart
home systems have been extensively researched in energy consumption, health monitoring. Li et al. [3, 16, 17] proposed an intelligent decision system based on machine learning and other methods to combine smart home and smart grid to reduce home energy
consumption. De et al. [7] suggested a centralized smart building
decision system based on wireless sensors and actuator networks
to achieve energy-saving goals for large buildings. Khan et al. [15]
proposed the analysis of sensor data history for pump load prediction in a smart home system. Forbes et al. [10] proposed to use
behavior recognition in smart home systems for home health detection.
Smart home systems are built on top of various sensors and
smart devices that provide smart home services. How to solve the
communication problem between heterogeneous devices and decouple specific devices and upper-layer applications to reduce the
complexity of development is an unavoidable problem for all IoT
applications including smart homes. The current common approach
to solve this problem is to incorporate a middleware layer3 [25].
Filho et al. [9] proposed an intelligent decision system based on
the fog computing paradigm, which handles the differences in programming interfaces and connection methods of heterogeneous
devices by adding a message queue layer based on MQTT [20].
In addition to the heterogeneity issues mentioned above, how
to provide more personalized, intelligent, and senseless services
in smart home systems has become a hot issue [2, 12, 21]. Ghiani [11] proposed a trigger-action rule-based smart home system,
which automates smart home services by user’s configuration of
rules, based on manually configured rules that rely on user’s expertise, while the manual configuration approach does not cope
well with more complex and larger number rules. Chahuara et al.
[4] suggested using voice control to improve the interaction quality of smart homes. Jin et al. [14] proposed a personalized indoor
temperature control system based on deep learning, but its applicability is limited to temperature control services in smart homes and
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Figure 1: Method Overview

Context-aware runtime knowledge graph for smart home is our
prior work [6], the core concepts of the runtime knowledge graph
are introduced in this section. Runtime knowledge graph constructs
smart home scenario model by defining five smart home knowledge graph concepts and the relationship between these concepts.
The runtime knowledge graph is defined as follows:
𝐾𝐺 = {(𝑥𝑖 , 𝑟𝑖,𝑗 , 𝑥 𝑗 )|𝑥𝑖 , 𝑥 𝑗 ∈ 𝐸, 𝑟𝑖,𝑗 ∈ 𝑅, 𝑖 ≠ 𝑗 }
𝐸 = {𝑈 𝑠𝑒𝑟, 𝑆𝑒𝑟𝑣𝑖𝑐𝑒, 𝐿𝑜𝑐𝑎𝑡𝑖𝑜𝑛, 𝐶𝑜𝑛𝑡𝑒𝑥𝑡, 𝐷𝑒𝑣𝑖𝑐𝑒}

(1)

𝑅 = {𝐸 𝑓 𝑓 𝑒𝑐𝑡, 𝐿𝑜𝑐𝑎𝑡𝑒𝑑𝐼𝑛, 𝑆𝑒𝑛𝑠𝑒, 𝑃𝑟𝑜𝑣𝑖𝑑𝑒}

(3)

(2)

Where 𝐸 is the set of all type instances, containing the five core
concept 𝐶𝑜𝑛𝑡𝑒𝑥𝑡, 𝐷𝑒𝑣𝑖𝑐𝑒, 𝑆𝑒𝑟𝑣𝑖𝑐𝑒, 𝑈 𝑠𝑒𝑟 , and 𝐿𝑜𝑐𝑎𝑡𝑖𝑜𝑛, mentioned
above. 𝑅 is the set of relationships, including 𝐸 𝑓 𝑓 𝑒𝑐𝑡, 𝐿𝑜𝑐𝑎𝑡𝑒𝑑𝐼𝑛,
𝑆𝑒𝑛𝑠𝑒 and 𝑃𝑟𝑜𝑣𝑖𝑑𝑒.

cannot be used for other smart home devices and services. Deephome [19] based on deep learning, learns behavioral habits from
user’s history, and predicts user behavior to automatically perform
device operations for users. Deephome is better for intelligent and
senseless services, but it is only for highly customized smart home
environments.

3

SYSTEM ARCHITECTURE

To achieve higher intelligence, a spatio-temporal data-driven smart
home service control method is proposed in this paper. The overall
framework of this method is given in Figure 1. It is an extension of
the previous work [6], which automatically operates smart home
devices for users by learning their historical behavior records and
predicting their possible future actions. The method consists of two
aspects:
1) Smart home temporal knowledge graph construction method.
2) DNN-based decision model for smart home services.
First, a temporal data-driven knowledge graph construction method
for smart homes is proposed. The TKG extends the existing runtime knowledge graph in the time dimension and describes the
smart home scenario while recording the relationship and its changes
between various entities in the scenario over time. By constructing the TKG of the smart home, the user-perceived environmental
data change records and the user-perceived service status records
within a period of time can be obtained based on the temporal data
embedded in the TKG.
Second, a user-oriented smart home service prediction model
is proposed. The model reads environmental status data perceived
by each user within a certain time window and uses DNN to predict the service status perceived by the user at the next moment.
Using the transformation rules of the TKG, the prediction results
are transformed into the operations of corresponding devices and
these operations are automatically executed for the users to realize
an intelligent and senseless smart home service experience.

Figure 2: Concept Model of Runtime Knowledge Graph
As shown in Figure 2, 𝐿𝑜𝑐𝑎𝑡𝑖𝑜𝑛 is a specific area in the home,
containing information about the physical location of the area. Other
instances can be associated with specific locations, indicating that
their scope of effectiveness or activity is in a specific location. A
single attribute 𝐿𝑁 𝑎𝑚𝑒 is used to represent the identifier location.
𝐷𝑒𝑣𝑖𝑐𝑒 is an abstraction of a concrete smart device. Each device
instance owns attributes that correspond to its name, location, running status, and information about the functions that the device
can provide. A device is represented by a tuple ⟨ 𝐷𝑁 𝑎𝑚𝑒, 𝐿𝑁 𝑎𝑚𝑒, 𝑆𝑡𝑎𝑡𝑢𝑠,
{𝐾𝑒𝑦1, 𝐾𝑒𝑦2, ..., 𝐾𝑒𝑦𝑚 }⟩.
𝑆𝑒𝑟𝑣𝑖𝑐𝑒 is the abstraction of the device function. As a device
may provide more than one function, a device may correspond to
multiple services. A service is defined as ⟨ 𝐷𝑁 𝑎𝑚𝑒, 𝐿𝑁 𝑎𝑚𝑒, 𝐶𝑇𝑦𝑝𝑒,
𝐸 𝑓 𝑓 𝑒𝑐𝑡, 𝑆𝑡𝑎𝑡𝑢𝑠, 𝑆𝑉 𝑎𝑙𝑢𝑒 ⟩, the set of services is defined as 𝑆. Each
service has an impact on the corresponding context, e.g. the cooling of air conditioners can reduce the room temperature, smart
lights can increase the brightness, etc. The runtime knowledge graph
indirectly controls the corresponding devices by controlling corresponding services to achieve the unified control of heterogeneous
devices.
𝑈 𝑠𝑒𝑟 is the object of service in the smart home, such as specific
residents in the house. Each user instance contains the user’s name
and location, defined as ⟨ 𝑈 𝑁 𝑎𝑚𝑒, 𝐿𝑁 𝑎𝑚𝑒⟩, the set of users is denoted as 𝑈 .
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𝐶𝑜𝑛𝑡𝑒𝑥𝑡 is the specific environmental status that a user can sense,
such as temperature, humidity, brightness, etc., containing the user
and location information associated with that context, defined as
⟨ 𝐶𝑇𝑦𝑝𝑒, 𝐿𝑁 𝑎𝑚𝑒, 𝐶𝑉 𝑎𝑙𝑢𝑒⟩, the set of context denoted as 𝐶. Each
context instance can be associated with a specific user and location. The association expresses that the user perceives a certain
environmental status at a certain location. Since the layout of each
room in the house is diverse and the contexts of each room are
also different, each room has its context instance. When the user
moves from location A to B, the user will be unassociated from the
context instance of location A and associated with the instance of
B. The association is reflected by the relationship in the knowledge
graph.
Runtime knowledge graph uses the runtime software architecture model [5, 6, 23] to construct a runtime model and maintain
two-way synchronization between the knowledge graph and real
world. i.e., while changes in the real world such as temperature
raise and resident’s location movement are reflected in the runtime
knowledge graph, operations on service instances in the runtime
knowledge graph are also transformed into operations of corresponding devices through execution rules. Based on the runtime
knowledge graph model, it is easy to realize scenario-based device
function control and environment status reading. Developers only
need to configure specific contextual knowledge to automatically
construct the runtime knowledge graph according to the rules.

TEMPORAL KNOWLEDGE GRAPH FOR
SMART HOME
5.1 Temporal Knowledge Graph Model for
Smart Home

Jinrong Chen, Zheyi Chen, Longhai Zheng, and Xing Chen

data in addition to expressing the real-time status of smart home
scenario. The following content introduces the concepts of the temporal knowledge graph model.
The smart home TKG model is shown in Figure 3. The model extends runtime knowledge graph model in the time dimension and
is able to represent the changing process of concept instances and
relationships within a certain time period, in addition to describing
the concepts and relationships between them.
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5

In the real world application of smart home, the indoor environment status will change with the external environment state which
makes environment uncomfortable. In order to counteract the changes,
residents often utilize function of smart device, such as turning on
the humidifier when feel the air is too dry, or turning on the air
conditioning cooling function when it is hot. However, the current
control methods generally require users to manually send their service requests, such as opening the corresponding applications on
their phone then following several tedious steps or manually turning on each device by hand. Therefore, the challenge is how to
achieve the automatic perception of user needs, so that the smart
home control system can turn on the corresponding device functions for users autonomously. In a real world smart home scenario,
the user’s location will inevitably move between different rooms in
the scenario. The environmental status sensed by the user and the
devices to be controlled are determined by the user’s location at
that moment. How to deal with the different environmental status
and devices perceived by the user at different locations and time is
a problem that cannot be ignored. To capture changes in environmental status, sense user needs, and proactively provide various
services to users, it is important to learn user preferences from
their historical behavior data. However, existing runtime knowledge graph models cannot provide good support for historical behavioral data. Therefore, we extend the existing smart home runtime graph model so that it can reflect the process of environment
and device state change in smart home scenario through historical

A TKG can be understood as a knowledge graph stream with
time tags, i.e., a collection of states of the knowledge graph at a
given time interval Δ𝑇 in a given time period {𝑇1, . . . ,𝑇𝑛 }. The data
includes knowledge graph state 𝐾𝐺 𝑘 and time tag 𝑡 𝑘 at each moment, which can completely describe the state of the smart home
scenario of corresponding moment, including the user’s location,
the user’s perceivable environment status, the status of each smart
device, etc. The continuous knowledge graphs can describe the
change of smart home status in a period of time. The formal definition of the TKG is given below.
(
)
𝑇 𝐾𝐺 = { 𝑡 𝑘 , 𝐾𝐺 𝑘 |𝑇1 ≤ 𝑡 𝑘 ≤ 𝑇𝑛 , 𝑡 𝑘+1 = 𝑡 𝑘 + Δ𝑇 }

5.2

(4)

Smart Home Control Model Base on
Temporal Knowledge Graph

In order to achieve better control of smart home services, we need
to focus only on the environmental status that user perceived. At
the same time, it should be noted that the user’s position at home
changes constantly due to the user’s activities, so the environmental status that the user can perceive may be different over time.
Based on the TKG model mentioned above, we propose a useroriented smart home service control model. The model extracts the
service status and environment status sequences which user concerns and predicts the relevant service status for them by using the
spatio-temporal semantic description capability of the TKG. The
relevant concepts of the model are introduced below. Knowledge
graph 𝐾𝐺 𝑡 at time 𝑡 is introduced:
𝐾𝐺 𝑡 = {(𝑥𝑖 , 𝑟𝑖,𝑗 , 𝑥 𝑗 )|𝑥𝑖 , 𝑥 𝑗 ∈ 𝐸𝑡 , 𝑟𝑖,𝑗 ∈ 𝑅𝑡 , 𝑖 ≠ 𝑗 }.

(5)
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We take each user 𝑢 (𝑢 ∈ 𝐸𝑡 ∧𝑢.𝑇𝑦𝑝𝑒 = 𝑈 𝑠𝑒𝑟 ) from 𝐾𝐺 𝑡 and define the subset of context 𝐶𝑡𝑥𝑢𝑡 that user 𝑢 can perceive at moment
𝑡 as follows:
𝑆𝑒𝑛𝑠𝑒

𝐶𝑡𝑥𝑢𝑡 = {𝑐𝑡𝑥 1, 𝑐𝑡𝑥 2, ..., 𝑐𝑡𝑥 𝑤 |∃(𝑢 −−−−−→ 𝑐𝑡𝑥𝑖 ) ∈ 𝐾𝐺 𝑡 }.

𝐸 𝑓 𝑓 𝑒𝑐𝑡

𝑆𝑟𝑣𝑢𝑡 = {𝑠𝑟𝑣 1, 𝑠𝑟𝑣 2, ..., 𝑠𝑟𝑣𝑟 |∃(𝑠𝑟𝑣𝑖 −−−−−−→ 𝑐𝑡𝑥 𝑗 ) ∈ 𝐾𝐺 𝑡 , 𝑐𝑡𝑥 𝑗 ∈ 𝐶𝑡𝑥𝑢𝑡 }
(7)
According to the definition of 𝐶𝑡𝑥𝑢𝑡 , 𝑆𝑟𝑣𝑢𝑡 which can influence
𝐶𝑡𝑥𝑢𝑡 is equivalent to the environment that the user can perceive,
i.e., the service instance that can provide functions to the user at
time 𝑡, which is the service we want to control.
Based on the TKG as shown in Figure 4, a user-oriented decision
model is proposed. The model takes context instances perceived by
a specific user in the past period as input, predicts, and controls the
service instances 𝑆𝑟𝑣𝑢𝑡 that can be perceived at present utilizing a
deep neural network model. Where 𝑙 is a fixed time window length,
𝑤 is the number of the user interested state types, 𝑟 is the number
of services to be controlled. In the proposed overall framework,
each served user has an independent service prediction model that
relies on the DNN-based algorithm introduced in the next section
to implement service status prediction based on temporal data.

6

DNN-BASED SMART HOME SERVICE
CONTROL
6.1 Input and Output of Smart Home Service
Prediction
To achieve the service status decision mentioned above, using deep
neural networks for service status prediction is proposed. How to
get the output of the neural network from 𝐶𝑡𝑥 and 𝑆𝑟𝑣 instances
describes in this section.
According to the definition of the TKG, we extract the environmental status values (𝐶𝑉 𝑎𝑙𝑢𝑒) in each 𝐶𝑡𝑥𝑢𝑡 by a fixed order of environmental types to obtain the corresponding 𝐶𝑉 𝑎𝑙𝑢𝑒 sequence
𝐸𝑢𝑡 .
= (𝑐 1, 𝑐 2, ..., 𝑐 𝑤 ),

温度

(6)

where 𝑤 is the number of user interested context, and the type
(𝐶𝑇𝑦𝑝𝑒)of any two 𝑐𝑡𝑥 is different. In particular, it should be noted
that the environmental status described in 𝐶𝑡𝑥𝑢𝑡 are partial environmental status in the whole smart home environment, the values of
environmental status attributes perceived by a specific user at a
specified moment, instead of the environmental state values of the
entire smart home scenario. Due to the change of user’s location,
𝐶𝑡𝑥𝑢𝑡 and 𝐶𝑡𝑥𝑢𝑡 +1 may be completely different. The model proposed
in this paper is built around the user, and the data relied on is always determined by the spatial location of the user. By constructing 𝐶𝑡𝑥𝑢𝑡 , we can extract the environmental status that the user
can perceive at any moment. The spatial information is implicit in
the data and transparent to the upper decision algorithm.
Based on 𝐶𝑡𝑥𝑢𝑡 , we can further deduce that the subset of Service
instances 𝑆𝑟𝑣𝑢𝑡 which have an impact on the 𝐶𝑡𝑥𝑢𝑡 at time point 𝑡.

𝐸𝑢𝑡

Temporal context of each user(

(8)

where 𝑐𝑖 = 𝑐𝑡𝑥𝑖 .𝐶𝑉 𝑎𝑙𝑢𝑒, which is the value of 𝑖th environmental attribute. Thus, the input data 𝑋 is the user-perceived environmental
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Figure 4: User-oriented Prediction Model for Smart Home
status context data within a certain time window:
𝑋 = [𝐸 1, 𝐸 2, ..., 𝐸𝑘 ]𝑇 .

(9)

In the existing runtime knowledge graph definition, if a service
needs to be controlled, changing the running status of the service
can be achieved by specifying its status value (𝑆𝑡𝑎𝑡𝑢𝑠) and parameter value (𝑆𝑉 𝑎𝑙𝑢𝑒). Thus, the output 𝑌 of the model is defined as:
𝑌 = (𝑠 1, 𝑣 1, 𝑠 2, 𝑣 2, ..., 𝑠𝑟 , 𝑣𝑟 ),

(10)

where 𝑠𝑖 and 𝑣𝑖 are the corresponding 𝑆𝑡𝑎𝑡𝑢𝑠 and 𝑆𝑣𝑎𝑙𝑢𝑒 in 𝑆𝑟𝑣𝑢𝑡 , 𝑟
is the number of services to be controlled.

6.2

Network Structure

Based on the definition above, a multi-layer deep neural network
(DNN) model is used to achieve the mining of the implicit relationship between input and output. Its overall structure is shown in
Figure 5. The network consists of an input layer 𝐿𝑖𝑛 , three fully
connected hidden layers 𝐿1 , 𝐿2 ,𝐿3 and an output layer 𝐿𝑜𝑢𝑡 . The
number of neurons in the input layer (𝑁𝑖𝑛𝑝𝑢𝑡 ) is determined by
number of environments 𝑝 and length of time window 𝑘. The number of neurons in the output layer 𝑁𝑜𝑢𝑡𝑝𝑢𝑡 , which is determined by
the number of services to be predicted. The number of neurons in
the three hidden layers are 𝑁 1 , 𝑁 2 and 𝑁 3 . The fully connected
structure is used between layers. Treat 𝐿𝑖𝑛 as 𝐿0 and 𝐿𝑜𝑢𝑡 as 𝐿4
then output the of each layer can be described as:s
𝐿𝑖 = Sigmoid(𝐿𝑖−1 · 𝑊𝑖 + 𝐵𝑖 ).

(11)

The activation function used for each layer of the network is
𝑆𝑖𝑔𝑚𝑜𝑖𝑑, which is defined as:
Sigmoid(𝑎) =

1
.
(1 + 𝑒 −𝑎 )

The mean squared error (MSE) is used as loss function:
1∑
𝑀𝑆𝐸 =
(𝑦ˆ𝑖 − 𝑦𝑖 ) 2 .
𝑛

(12)

(13)
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7 EVALUATION
In order to verify the effectiveness of the proposed method in smart
home systems, a prototype system is built to evaluate the method
for real world scenarios in this paper.

7.1

Figure 5: Network Structure

6.3

Network Training and Prediction

Temporal Knowledge Graph for Prototype

A smart home scenario prototype system is built as shown in Figure 6. It includes three areas: living room(𝐿1 ), bedroom(𝐿2 ) and
balcony(𝐿3 ). Each area contains various smart devices for regulating the environment. Typical types of context we build in this scenario are temperature(𝐶𝑙_1 ), humidity (𝐶𝑙_2 ) and brightness(𝐶𝑙_3 ).
Each smart device in the scenario can provide 𝑀𝑜𝑛𝑖𝑡𝑜𝑟 , 𝐼𝑛𝑐𝑟𝑒𝑎𝑠𝑒,
𝑅𝑒𝑑𝑢𝑐𝑒, and other related services to each context. Based on this
scenario, we construct the smart home temporal knowledge graph
as shown in the figure, which contains 3 location instances, 6 device instances, 9 context instances, 20 service instances, and 1 user
instance 𝑈 1 . Based on this instance scenario, we can build and
record runtime knowledge graph to construct smart home temporal knowledge, which provides the basis of user model training
and service state prediction. The model proposed in this paper constructs an independent prediction model (𝑀𝑚 ) for each user, such
as 𝑈 1 corresponds to 𝑀1 .

6.3.1 Training. Algorithm 1 describes the training process of the
given DNN model. The decision model containing the user’s behavioral habits can be obtained by training the network.
Algorithm 1 Model training
1:
2:
3:
4:
5:
6:
7:
8:
9:
10:
11:

Input: Time window length 𝑘; Number of contexts 𝑞; Threshold for status 𝑡ℎ; Training Data set 𝐷𝑆
Output: Trained Model 𝑀
adjust the number of neurons according to 𝑘 and 𝑞;
initialize the weight matrices in 𝑊1 ,𝑊2 ,𝑊3 ,𝑊𝑜𝑢𝑡 with random
value in the range [0,1] ;
initialize biases 𝐵 1 ,𝐵 2 ,𝐵 3 ,𝐵𝑜𝑢𝑡 with zeros;
while more than 64 samples in 𝐷 do
randomly draw 64 samples from 𝐷 as network input 𝑋 ;
compute the output of each layer by equation 11;
compute the loss according equation 13;
adjust the weights and biases in the direction of the decreasing gradient;
return trained model 𝑀

6.3.2 Prediction. According to the weight 𝑊1 , 𝑊2 , 𝑊3 , 𝑊𝑜𝑢𝑡 and
bias 𝐵 1 , 𝐵 2 , 𝐵 3 and 𝐵𝑜𝑢𝑡 trained from training process, the neural
network is initialized, and the service status decision result 𝑆𝑡𝑎𝑡𝑢𝑠
is obtained by collecting the environment status matrix 𝐸𝑛𝑣 of the
first 𝑘 time points into the model under the support of temporal
knowledge graph. The decision result 𝑆𝑡𝑎𝑡𝑢𝑠 is then output back
to the TKG. With its control capability, TKG issues command to
the corresponding smart home devices to achieve the control of
specific device function which brings a senseless smart home user
experience.

Figure 6: Prototype scenario diagram
Figure 7 demonstrates the temporal knowledge graph. The movement of 𝑈 1 from living room(𝐿1 ) and to bedroom(𝐿2 ) is reflected.
The context, service, and corresponding device sensed by the user
are on the left side at first. After the location of user changed, the
instances on the right side are what the user is concerned.

7.2

Service Prediction

Due to user privacy and hardware limitations, this experiment is
based on the publicly available smart home sensor dataset, the
invited volunteers provide their behavioral data (work and rest
schedules, environmental sensitivity, etc.) and the prototype system built according to public environmental change pattern to simulate user’s real behavior to generate artificial dataset as the experimental dataset. The experimental code is written in Python 3
and based on the TensorFlow 2 deep learning framework. The experimental runtime environment is a personal computer with an
Intel(R) Core(TM) i5-9500 CPU @ 3.00 GHz with 16.0 GB memory
and a Windows 10 operating system installed.
The dataset contains two months of environmental and device
data for a single-user household with a sampling interval of fewer
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Table 1: Experiment result
Service

Precision

Recall

F1

Temperature Reduce
Humidity Increase
Brightness Increase
Average

0.927
0.959
0.914
0.933

0.872
0.949
0.930
0.917

0.898
0.954
0.922
0.925

a successful prediction.
𝑠′ =

Figure 7: Temporal Knowledge Graph Demo

than 15 minutes. The environmental data contains temperature, humidity, and brightness. The device status data contains air conditioner, smart light, and air humidifier . The corresponding TKG
is constructed for the environment data and device status data at
each moment. The context and service instance perceived by the
user at each moment is obtained through the abstraction ability
of the TKG. Based on that context and service, we can further obtain the values of temperature, relative humidity, and brightness
around the user at that moment, as well as the status data of air
conditioners, humidifiers, and smart lights that have an effect on
the user. Because the range of each data type varies, this experiment will normalize each type of data to the range of [0,1] by its
type. The normalization formula is as follows:
X′ =

𝑋 − 𝑋 min
.
𝑋 max − 𝑋 min

(14)

To make it clear, we chose 3 typical services to predict. The correctness of prediction of each device is judged by both the 𝑆𝑡𝑎𝑡𝑢𝑠
(𝑠) and 𝑆𝑉 𝑎𝑙𝑢𝑒(𝑣). The result of 𝑆𝑡𝑎𝑡𝑢𝑠 is obtained through equation 15, where 𝑡ℎ is a preset threshold. We compare the result of
the network and the label, only 𝑠 ′ is the same and the square of the
difference between 𝑣 and label value 𝑣ˆ less than 0.02 is marked as

{

1
0

if 𝑠 ≥ 𝑡ℎ,
if 𝑠 < 𝑡ℎ.

(15)

A time window of 𝑘 = 6 length is used in the entire time slice
of the dataset and all environmental data within the window are
used as neural network inputs to predict the device state at the
next moment, yielding a total of 5946 samples. Proportionally, 80%
of the dataset is used as the training set and 20% as the test set.
This experiment involves the accuracy of service status prediction, so 𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛, 𝑟𝑒𝑐𝑎𝑙𝑙, and 𝐹 1 are used as evaluation metrics to
judge the prediction effectiveness of each service status separately.
They are defined as:
𝑇𝑃
𝑝𝑒𝑟𝑐𝑖𝑠𝑖𝑜𝑛 =
(16)
𝑇𝑃 + 𝐹𝑃
𝑇𝑃
𝑟𝑒𝑐𝑎𝑙𝑙 =
(17)
𝑇𝑃 + 𝐹𝑁
2 × 𝑝𝑒𝑟𝑐𝑖𝑠𝑖𝑜𝑛 × 𝑟𝑒𝑐𝑎𝑙𝑙
.
(18)
𝐹1 =
𝑝𝑒𝑟𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑟𝑒𝑐𝑎𝑙𝑙
where 𝑇 𝑃 denotes the case where the user turns on the service and
the prediction result is also on, 𝐹 𝑃 denotes the case where user
does not turn on the service and the prediction result is on, 𝐹 𝑁
denotes the case where the user turns on the service but the prediction result is off, and 𝑇 𝑁 denotes the case where user does not
turn on the service and the prediction result is also off. Therefore,
𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 indicates the proportion of samples in which the user actually turns on the service and the predicted result of the service is
on; the 𝑟𝑒𝑐𝑎𝑙𝑙 rate indicates the proportion of samples in which the
predicted result of the model is on and the user wants the service
to be on in the predicted result, and 𝐹 1 is the summed average of
𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 and 𝑟𝑒𝑐𝑎𝑙𝑙.

7.3

Result

The result of the given test set is shown in Table 1. In terms of
the three metrics, the average prediction of all services can reach
90%, with the temperature reduction service having slightly lower
completeness, but it can also reach more than 87%.
To further investigate the reasons for the errors of these erroneous samples, this paper randomly sampled form all the erroneous samples and asked volunteers to re-judge the samples obtained from the sampling again. The proportion of samples in which
volunteers thought the proposed method was misjudged is 30.8%.
The proportion of volunteers who thought that the data of the
given sample did not conform to their preference(i.e., the judgment
result of our method was correct) is 53.8%. The proportion of samples which the volunteers thought that the situation would not
change original device state was 15.4%. It can be seen that a large
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part of the error comes from the randomness and lagging nature
of the human decision-making process.
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[12]

CONCLUSION

To address the challenges of device heterogeneity faced in smart
home, a spatio-temporal data-driven smart home service control
method for temporal data is proposed, which provides historical
data from user behavior through temporal knowledge graph and
learns user preference from temporal data using a deep neural
network. The result of the evaluation demonstrates the proposed
method can successfully predict users’ preferences and build a more
intelligent, senseless, and personalized smart system. In future research, we will further explore the prediction method for temporal
data to achieve a more intelligent prediction algorithm. In addition, the proposed system is also deployed to a real smart home
scenario and the problems encountered in the actual scenario are
investigated.
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