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Abstract. The development of Internet of Things (IoT) technologies has provided po-
tential for real-time monitoring and control of environment in smart cities. In the field
of energy management, energy prediction can be carried out by sensing and analyzing
dynamic environmental information of the energy consumption side, which provides de-
cision support for energy production to avoid excess or insufficient energy supply and
achieve agile production. However, due to the complexity and diversity of the IoT data,
it is difficult to build an efficient energy prediction system that reflects the dynamics of
the IoT environment. To address this problem, a short-term energy prediction system
based on edge computing architecture is proposed, in which data acquisition, data process-
ing and regression prediction are distributed in sensing nodes, routing nodes and central
server respectively. Semantics and stream processing techniques are utilized to support ef-
ficient IoT data acquisition and processing. In addition, an online multi-branch network
model adapted to the characteristics of IoT data is implemented for energy prediction. A
real-world case study of energy prediction in a regional energy system is given to verify
the feasibility and efficiency of our system. The results show that the system can provide
support for real-time energy prediction with high precision in a promising way.
Keywords: Short-term energy prediction, Internet of Things, Edge computing, Multi-
branch network, Stream processing

1. Introduction. In recent years, as wide distribution of solar energy resources in China
provides conditions for large-scale development of the photovoltaic (PV) industry, PV
power generation has become the nation’s fastest growing new energy industry. However,
due to technological limitations, up to now, the net price of grid-connected PV power
system has been as high as 3 ∼ 4 yuan/kW, which is approximately 11 ∼ 14 times higher
than that of thermal power systems [1]. Furthermore, excess power has been generated
for adequate energy supply, resulting in energy waste and social concerns. Generally
speaking, energy consumption is closely related to environmental conditions of the energy
consumption side. In addition, IoT smart devices can sense and monitor the dynamic
environmental information of the energy consumption side. Based on above, analysis and
prediction of short-term energy consumption can be carried out, and provide decision
support for energy planning, distribution and saving to greatly reduce energy waste and
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environmental pollution. In other words, the short-term energy prediction system is an
important part to the energy management system designed for agile production.
Extensive efforts in energy prediction have been made by scholars at home and abroad.

At present, the most common method of predicting energy consumption is to analyze a
large number of historical data that have been warehoused [2]. However, in spite of a few
advantages including accurate prediction results, the foregoing method is actually inap-
plicable to the IoT energy management system. As an offline system for data analysis,
data warehouse which is not closely related to the production system cannot reflect the
dynamics of the environment, and thus is actually inapplicable to the IoT system which
has higher requirements on real-time performance. As excess energy is often generated
to avoid energy shortage [3], faster prediction of energy consumption allows the ener-
gy producers to adjust their production plans, thus improving the efficiency of energy
management and reducing energy waste. However, the Internet of Things data changes
frequently and dynamically according to spatio-temporal information, which brings diffi-
culties to the determination and processing of environmental state.
To address the above problems, a short-term energy prediction system in the IoT sce-

nario based on edge computing and stream processing is put forward. At present, consis-
tency and stability are one of the key challenges for researchers in designing and developing
reliable SR energy prediction models. This is due to error accumulation and increased
uncertainty [3,4]. In order to improve the computing efficiency of the system and bal-
ance the computing pressure on the server, different computing tasks are distributed in
sensing nodes, routing nodes and central server of the IoT system in the course of data
acquisition, event data generation and construction of predictive model based on edge
computing paradigm.
The rest of this paper is organized as follows. Section 2 summarizes the related literature

on energy prediction and Internet of Things data monitoring. Section 3 introduces the
system framework. In Section 4, in order to complete the energy prediction, the scenario
is composed according to the event data. In Section 5, we carry out simulations and
experiments to verify the effectiveness of our proposed framework. Finally, we summarize
the whole paper in Section 6.

2. Related Work. Currently, this paper sets out to study on the basis of the following
two different aspects: energy prediction methods and efficient IoT systems. An in-depth
study of these two aspects will be discussed below.

2.1. Energy prediction methods. Energy prediction is a method that can balance
energy supply with demand at all times [5]. Currently, prediction of energy consumption
is generally achieved mainly by physical modeling and data-driven methods [6]. Physical
modeling attains its goal of energy prediction, by building a physical energy model for
regional energy consumption with professional knowledge of physics and thermodynamics,
and simulating and estimating the energy consumption in the region. In [7], a method
based on physical statistics was proposed to simulate the energy use of buildings and
provide energy prediction.
The data-driven method is another mainstream method for energy prediction [8]. It

ran on a built-in data warehouse that analyzed historical data for regression predictions
[9]. In [10], an energy consumption prediction method based on support vector machine
was proposed as the foundation for smart grid. Schmidhuber and Hochreiter [11] designed
an LSTM (Long Short-Term Memory) network, in which the data series of energy con-
sumption in the past were utilized to predict the next month’s data series. [12] predicted
the room temperature of intelligent buildings with machine learning techniques. In [13],
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the artificial neural network was adopted to regress the energy consumption in buildings.
Owing to its outstanding performance in expression, Deep Neural Network (DNN) [14] is
ideal for regression analysis. The DNN model is a supervised learning model that con-
sists of input layer, output layer and several hidden layers. It calculates the gradient of
the objective function, and updates the weight of each layer in the counterpropagation
process to set up the predictive model [15]. By using the learning ability based on the
DNN integration technology and the concept of transfer learning, a wind power prediction
system is designed, in which the deep automatic encoder and the deep trust network are
used as regression variables to improve the performance of DNN.

In addition, online model learning algorithms are becoming more and more popular
in engineering applications. Different from traditional offline training algorithms, which
train all of the training set at once, online learning algorithms update the predictive model
in an incremental manner. They operate on the stream of data instances that continually
arrive. After dividing the data stream, the methods predict the results of data instances
with the predictive model, and calculate the loss according to the true value. McMahan
[18] designed an online training method called FTRL, which had got good effects since it
was applied to prediction of Google ad clicks. DeepWalk is a new method designed for
potential representation of vertices in learning networks. It uses local information, and
learns potential representations by processing walks on the Internet.

The above-mentioned data-driven methods provide good reference for energy prediction
with high precision, but there are limitations in practice. For the majority of these
methods, data analysis depends on static existing data sets, and data acquisition and
processing are ignored, which makes it impossible to reflect the dynamics of the IoT data
environment. In addition, these methods perform poorly in real-time prediction.

2.2. Efficient IoT systems. Up to now, there have been few researches on application of
edge computing architecture to energy prediction. Existing researches pay much emphasis
on prediction methods, and little on processing timeliness. However, in the field of energy
management, edge computing architecture has attracted more and more attention from
scholars. In the lower reaches of energy management, edge computing is also applied to
consumer-oriented energy load scheduling.

In the field of IoT data processing, online processing, of which stream processing is
the pillar, is becoming more and more popular owing to its higher working efficiency.
Besides, the stream processing technique has been incorporated by many scholars into
systems for their specific needs. For example, the technique is used to support analysis of
the data in the smart city application. An ecosystem named VISP is implemented, which
provides a method for flexible data stream processing in the IoT scenario. [16] proposed
a real-time stream data analysis strategy based on Apache Storm, which guaranteed real-
time response to unpredictable and fluctuating data streams. Although stream processing
provides an effective way for real-time data processing, data aggregation rules, data pro-
cessing mechanisms and other implementation details still need designing according to
the practical situation.

To sum up, although intensive studies on energy prediction methods have been con-
ducted, which provide valuable reference for feature selection and modeling of the energy
predictive model, there is lack of real-time interaction with the IoT system due to data
warehouse-based data analysis in these studies. This results in a failure to quickly repre-
sent the dynamics of the IoT system. The IoT technique is ideal to solve these problems.
To set up a short-term energy prediction system closely linked to the IoT production sys-
tem, edge computing paradigm, semantic technology, stream processing and online deep
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learning model are incorporated into a distributed IoT system, of which the feasibility
and effectiveness are verified in the real-world case of intelligent energy system.

3. Overall System Framework. It is important to intelligently manage and control
the energy consumed in business areas of a smart city. However, because of impact of
environmental factors, the energy consumed changes dynamically during different parts
of the day.
As shown in Figure 1, a short-term energy prediction system based on edge computing

architecture is proposed to effectively predict the energy consumed in the IoT consump-
tion and production environment. The proposed system includes four major stages: data
acquisition and fusion, event data generation, setup and prediction of a situation model.
Among them, data acquisition is the foundation of the data-driven energy prediction sys-
tem. Due to complexity and diversity of data sources, and heterogeneity and redundancy
of data in the IoT environment, semantic-based methods are applied to data acquisition
and fusion. Firstly, a Data Model (DM) is designed to support the unified representation
of heterogeneous data. Then, in order to reduce redundant data, domain-specific ontology
techniques are introduced for data fusion.

Figure 1. The overall framework of the energy prediction system

As a single data cannot reflect the characteristics of the scenario due to the weak
semantics of IoT data, temporal and spatial attributes of data instances and event features
are considered. At this stage, data are first aggregated into routing nodes respectively
according to their spatio-temporal semantics. In order to process the aggregated data in a
real-time manner, a stream processing framework based on the sliding window algorithm
is implemented. Then, after the data aggregated enter the stream processing module, they
will be processed under the pre-configured event rules to obtain semantically rich event
data. As use of spatio-temporal semantics allows event data to be generated spatially
independently, this process is completed in the routing nodes in the local data aggregation
process, thus improving the processing efficiency.
Predictive module, as the core of the entire energy prediction system, is divided into

the following two parts. The first is to build a situation model. After this model describes
the data relation in the prediction scenario, the event data in the same time dimension
are integrated, and a snapshot of the scenario is taken and then mapped to the predictive
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model. The second is to establish and develop the predictive model. A DNN model
is established to complete regression analysis. Furthermore, in order to better adapt
to characteristics of the IoT data that arrive in the form of stream, an online learning
algorithm is adopted to guarantee continuous iteration of the model. This process is
completed in the central server to consolidate all event data.

4. Methodology.

4.1. Acquisition and fusion of the data in sensing nodes. The energy system con-
trols the energy consumption side, transportation channels, production centers and several
other IoT subsystems. Because of the large number of sensor devices, data acquisition
is basically node-independent. Thus, we assign these tasks to the sensing layer instead
of directly transmitting the original data to the central server. Universal model for data
representation, which is indispensable for data acquisition and integration, provides a uni-
fied access mode for heterogeneous data. In order to facilitate data interoperability and
analyze semantic association among data, a basic data model is put forward. The Data
Model (DM) is defined as follows: DM = 〈URI, Name, Source, Description, AttrSet〉,
where URI represents the unique address of the data model resource, Name the name
of DM, Source the source of the DM record, Description a brief description to DM, and
AttrSet a collection of DM’s attributes.

The basic DM provides a unified standard for dealing with heterogeneous data for-
mats and schemas. However, there are still many challenges in the complex IoT data
environment, such as data redundancy and data errors.

In this paper, data correction and fusion of redundant data are focused in the process
of data fusion. The first step is to align the data model with the domain-specific ontology.
After that, the relation among ontologies is identified using the semantic association of
those ontologies. Here, two kinds of relations are defined: incidence relation and equality
relation. They may be equal if they basically deliver the same information. This is
because the output stream equals the input stream in the two associated areas. If there is
certain relation due to characteristics of the region, these two figures are related, just like
the output and input streams in the same region mentioned above. If attributes of two
DMs are related, their relation can be relied on to carry out data correction. If attributes
of two DMs are equal, DMs will be consolidated as there are redundant data.

4.2. Generation of event data in routing nodes. Data processing and conversion are
indispensable to the IoT system, as it is difficult to express a single IoT with weak data
semantics. In order to support the above rules, a stream data processing method combined
with event rules is designed for conversion from scattered data to event data. Meanwhile,
owing to use of spatial features, the data can be partitioned into multiple geographic
zones, between which the data are relatively independent. Thus, routing nodes are built
for each partition and responsible for generation of event data in the underlying sensing
nodes.

4.2.1. Spatio-temporal data aggregation and event rule configuration. Based on the method
mentioned above, nodes in the sensing layer continuously acquire data in the form of DM.
Next, the data acquired need transmitting to different routing nodes for processing ac-
cording to certain rules. To do this, corresponding rules (DaEvRule) are defined for data
aggregation and configuration of event rules. DaEvRule focuses on description of descrip-
tive rules that define the principles of data aggregation and the necessary operations for
data processing based on event rules. DaEvRule, represented in XML schema, is con-
figured and resolved at the initial stage. It mainly consists of two parts, of which the
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tag 〈Aggregation〉 defines the location-time principle of aggregation, and the tag 〈Event〉
defines the event-related characteristics, including input, output and their relation. Here,
the input is an instance of DM, and the output is event or status data.
Once DaEvRules is configured, instances of the DM are integrated with spatio-temporal

semantics and tied to event-related functionality. Next, according to these rules, a stream
of data instances generated continuously in the sliding window model are processed to
complete a conversion from original data instances to event data.

4.2.2. Stream processing strategy. As shown in Figure 2, according to the aggregation rules
defined above, the data are aggregated according to spatio-temporal characteristics and
transmitted to corresponding stream processing modules. When data are combined with
their spatio-temporal semantics, an event appears in an embryonic form. To describe the
event more completely, the data then enters the sliding window model and is processed
according to the event rules defined in DaEvRules to obtain event state data or other
event data.

Figure 2. An example of a stream processing module

Data stream in the IoT environment is usually generated in an infinite and continuous
manner. In order to solve this problem, sliding window mechanism is utilized to process
data stream. In the sliding window, the data stream is divided by a fixed length, moved
backward in a fixed step size, and continuously processed. Because of uncertainty of
network delay of data transmission in the IoT, the statistical interval involved during
computing often steps over multiple windows. Therefore, the sliding window strategy is
of high scalability and flexibility.
The standard of sliding window for partition time is also a problem to be considered.

Event time strategy which uses time information and data as the time base is a reasonable
solution, because the predicted target of the system is also based on events. When the
event time strategy is applied as the window’s time base, it is difficult to determine
whether all the data corresponding to the current window has arrived, which makes it
difficult to determine when to start processing the data in the window. To solve this
problem, a mechanism called “delayed processing” is developed. Considering the time
consumed by network delay and processing of edge nodes, the time function for delayed
processing is defined as follows:

DPT (t) = IPC (t) + latency(t) (1)
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where DPT (t) represents the real time for delayed processing at the event time t, IPC (t)
represents the ideal processing time at the event time t, and latency(t) represents a delay
function with t as an independent variable.

4.3. Generation of event data in routing nodes. At the previous stage, scattered
IoT data have been converted into meaningful event data. There are a lot of event data
in energy system, which can be used to describe the state of various events. Energy
prediction system involves many events, which altogether constitute an energy prediction
scenario. Furthermore, event data play different roles in prediction, of which some act as
the input of prediction, and others as true values of prediction results for model updating.
It is important to integrate these event data into a snapshot of the semantic scenario and
convert them into data suitable for the predictive model for the next stage. Therefore, a
uniform method is required to manage these event data, describe the predictive scenario
and convert the event data into feature vectors and prediction values in the predictive
model.

Predictive Scenario Model (PSM) is defined as follows: PSM = 〈Description, SFSet,
CFSet, GFSet〉, where Description is a brief description of the predictive scenario, SFSet
is a state feature set, CFSet is a control feature set, and GFSet is a general feature set.
With time as the standard, PSM collects event data of the same time dimension accord-
ing to types of features, and takes scenario snapshots. Then, the feature data in the
same snapshot will be automatically transformed into inputs or outputs of the predictive
model according to their respective role in the course of prediction and transmitted to
the predictive model. For example, PSM collects all event data during the period from 2
pm to 3 pm every day, such as data related to weather, regional population and energy
consumption. All of these functions constitute a snapshot of the scenario that describes
environmental information, device status, and energy consumption during this time pe-
riod, i.e., general, control, and status functions. Then, according to the type of features,
these feature data are automatically mapped as inputs or outputs of the predictive model
to predict or update the model.

According to environmental factors and prediction targets, the metadata of PSM are
pre-configured by energy system managers. Based on those pre-configured PSM, the event
data are integrated by time dimension to describe semantics of predictive scenario and
achieve automatic mapping of discrete event data to the predictive model.

4.4. Establishment of a predictive model in central server. When event data are
transmitted from each routing node to the central server, they will be integrated and
converted according to a predefined PSM into batches of features data suitable for multi-
branch network input. Predictive model is the core of the entire system.

In the system, data of factors related to energy consumption can be acquired from the
energy use side and the pipeline network, and applied to predicting the energy load and
related information. This is a typical task of regression analysis. As discussed in Section
2.1, the neural network model performs well in executing the task. By selecting relevant
factors as the input layer and the information to be predicted as the output layer, the
system constructs a multi-branch network model with two lightweight networks and a
Fourier transform.

1) Construct a MobileNet model for energy prediction, in which 3×3 depth-wise convo-
lution and 1×1 convolution are computed as two independent modules. Then, BN (Batch
Normalization) and ReLU (Rectified Linear Unit) are used to construct the network, with
a reference to the global hyperparameter width factor α and the resolution factor ρ. The
calculated amount of the core layer is deduced by (2):
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CM = Dk ·Dk · αM · ρDF · ρDF + αM · αN · ρDF · ρDF (2)

where DF · DF is the size of the feature map, Dk · Dk is the size of the core, M is the
input channel, N is the output channel, and CM is the total computed amount of the
core layer. As the initialization width factor α = 1 and the resolution factor ρ = 1, the
calculated amount of standard convolution CS can be deduced by (3):

CS = Dk ·Dk ·M ·N ·DF ·DF (3)

Therefore, compared with the standard convolution, the decrease in calculated amount
of the network can be deduced from (4):

R =
Dk ·Dk · αM · ρDF · ρDF + αM · αN · ρDF · ρDF

Dk ·Dk ·M ·N ·DF ·DF

=
α · ρ2

N
+

α2 · ρ2

Dk
2 (4)

where the width factor α = 1 and the resolution factor ρ = 1.
2) Construct the MobileNetV2 model, by combining Depth-Wise (DW) convolution

and Point-Wise (PW) convolution to extract features, and prepending a new PW to
DW. Compared with the MobileNet model in 1), the residual structure is introduced in
MobileNetV2, and the gradient propagation is enhanced by first raising and then reducing
the dimension. Narrow layer (low dimension or depth) is removed from the ReLU, and
ReLU6 is used as the nonlinear function.
3) Construct the predictive model that contains Fourier transform and supports vector

regression. The one-dimensional search method proposed in [17] is used to select the trade-
off coefficient C, that is, the selection of parameter C is regarded as a one-dimensional
optimization problem. In order to facilitate the selection in practical application, the value
range of C is given and discretized, and different discrete values are taken to minimize
the training error of support vector machine, and the corresponding C is the optimal
C. Set and denoise the threshold. If |fftx (j )| > threshold , fftx2(j) = fftx (j); otherwise,
fftx2(j) = 0, where fftx (j ) is the sequence processed by Fourier transform and fftx2(j) is
the sequence denoised. Then, the data denoised is obtained by inverse Fourier transform.
Construct a hyperplane with as many data points as possible, select a hyperplane with

small norm, and minimize the sum of distances from data points to the hyperplane. See
(5) for optimization goal:

R(f) =
1

2
〈ω, ω〉+ C

N
∑

i=1

l(f(xi), yi) (5)

where the first term represents the edges of SVM, C is the second term the trade-off
coefficient, and L is the loss function. f(.) is defined, as shown in (6):

f(x, ω, b) = 〈ω, φ(x)〉+ b (6)

where φ(x) is kernel function, which maps x to high-dimensional space. The loss function
is defined, as shown in (7):

l(y, f(x)) =

{

0, if |y − f(x)| < ǫ,

|y − f(x)| − ǫ, other
(7)

After the multi-branch network is modeled, it is necessary to use the most optimal man-
ner to process the outputs of different branch networks. Thus, the multi-input decision
fusion methods are adopted in this paper. Among them, the maximum output probability
decision fusion method is the simplest method, which maximizes output probability of
different sub-classifiers to find the final category of the input image. There will be no
change in decision results, if the maximum output probability values of classifiers belong
in the same category. However, the decision possibility greatly varies with the change of
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probability. This method ignores the weight of each classifier in the process of decision fu-
sion, which, however, determines the classification result of decision fusion. The selection
probability is deduced by (8):

p(Aj) =
exp

(

Q(Aj)

τ

)

∑N

i=1 exp
(

Q(Aj)

τ

) (8)

where Aj represents action j, τ is the temperature coefficient, N is the number of decision
actions, and Q(Aj) is the estimated average yield at action j.

4.5. Feedback generation. As for application, after arrival of each batch of event data,
formation of a scenario and completion of prediction, the prediction results are transmitted
to the energy management system as a reference for operation and maintenance of the
center. The energy prediction system is a supplement to the energy management system,
in which results obtained in each step, including the prediction results and the generated
event data describing the IoT environmental status, will be utilized to generate restful
data services for easy access and analysis. This can provide accurate and efficient guidance
for energy planning, distribution and conservation.

5. Experimental Results. In a pilot business district in Shanghai, China, an energy
company takes charge of the supply of all cooling and heating energy in office buildings,
shopping malls and industrial parks in the district. The energy company controls an
energy center that produces both heating and cooling energy and a pipeline network
for transporting energy. Meanwhile, the energy companies also monitor a variety of
environmental information of the energy consumption side by diverse smart devices. The
energy center consists of a heating energy plant, a cooling energy plant and a triple
generation plant, which together produce the required heating and cooling energy for the
business district. Heating and cooling energy are stored in the water. The energy-laden
water that flows out of the energy center, is transported to the energy consumption end
through the pipe network, and is eventually transported back to the energy center after
the consumption (see in Figure 3).

5.1. System development. Firstly, several local DM standards based on the IoT en-
vironment are developed in this paper as standards for data acquisition. Then, using
the methods proposed above, this paper gets the relationship among DMs through the
pre-constructed energy-specific ontology. If the recorded data (such as water consumption
for heating in adjacent areas) are identical, data fusion is required as there are redundant
data. At last, see Figure 4 for the global DM partially fused. After the data are collected,
they are represented in the form of a fused global DM on the sensing node and transmit-
ted to the routing node for further processing. Figure 5 depicts the process of generating
event data, in which the actual energy consumption is an example of event data describing
energy consumption in a specific time period within a region. Then, the stream processing
module processes these original data according to rules: the data collected by each sensor
in this time period is processed every 5s, and the energy consumption within this interval
is calculated. Finally, the short-term energy consumption is accumulated every 5s to get
the final energy consumption.

At this stage of processing, weak semantic data are matched with events to get the event
data describing event features of the same time dimension. Event state data describes
the change in event states.

PSM utilizes population, weather conditions and other environmental information in
the region to constitute SFSet, operating conditions of energy center units to constitute
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Figure 3. Architecture of regional intelligent energy system

Figure 4. A partial fusion DMs example of a regional intelligent energy system

CFSet, and date characteristics to constitute GFSet. In the system, state feature and
common feature in current time are taken as inputs, and the control features in later time
as outputs to build a multi-branch network model. The prediction model allows users
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Figure 5. The process of generating event data

to predict the energy consumption and the appropriate production status of the unit,
achieving the effect of automatic intelligent control.

5.2. Results and evaluation. Finally, the method proposed in this paper is evaluated
from perspectives of efficiency and accuracy. The first is to analyze the computational
efficiency. Improvement of response time depends on network conditions. Thanks to the
edge computing architecture, the data transmission workload of the system is greatly
reduced. In the context of test environment in this paper, the predicted response time is
32.68% less than that of the cloud computing model, and the average computing pressure
on the central server is 59.36% less. Secondly, accuracy rate and Mean Square Error (MSE)
are adopted to evaluate the predicting accuracy.

The energy center in the energy system organizes production in advance according to
the predicted energy consumption. The time range for predicting energy consumption
should not be too small (at least one hour, depending on conditions of the unit and
pipeline). Therefore, the energy consumption at different times of the day is predicted
in this paper at an interval of 1 hour, 2 hours and 3 hours respectively. As shown in
Figure 6, the average predicting accuracy basically exceeds 80%. Generally speaking, the
shorter the predicting interval is, the higher the accuracy will be. It is understandable
that prediction of energy consumption generally has a higher accuracy at night, and a
decreasing accuracy during daytime, especially for longer time interval. In engineering
practices, it is reasonable to predict energy every consumption every one hour, which can
not only meet the requirements of units and transportation, but also render high accuracy.
Next, online learning model and offline learning model, both of which run continuously
for several days, are compared for the root Mean Square Error (MSE) of the prediction
results. Figure 7 shows the power load prediction results of the two models. Compared
with the offline learning model, the model prediction results using the online learning
algorithm are more real-time and accurate. It can be seen from Figure 8 that, these two
models behaved the same in predicting accuracy at the beginning. With the passage of
time, the root mean square error of the offline model is gradually greater than that of the
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Figure 6. Forecasting accuracy of intraday energy consumption
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Figure 7. Power load forecasting curve

online model. In other words, the online predictive model renders a higher stability in
time.
Table 1 shows our comparison of PSA and PRBEC methods in terms of architecture,

method and evaluation. In terms of architecture, the existing energy prediction research
mainly focuses on the prediction method, mostly on the central architecture, and few
studies consider the edge computing architecture. Compared with previous studies, our
method considers the real-time requirements of the Internet of Things system, and adopts
the edge computing architecture to improve the system performance in the Internet of
Things environment. By using the computing power of sensor nodes and routing nodes
at the edge of the Internet of Things system, our method achieves better performance.
In terms of data collection principles, in order to better reflect the dynamics of Internet
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Figure 8. Mean square error of energy consumption prediction during
continuous operation of the system

Table 1. Comparison with other energy prediction approaches

Main
PSA PRBEC This paper

indicators
System Centralized Centralized Edge computing

architecture structure structure structure
Data acquisition Offline, one-time Online,

Continuous
Principle Manual acquisition Acquisition

Data processing
None

Offline batch Online stream
mode process processing

Forecasting Physical Data-driven, Data-driven,
method statistics model ANN model ANN model

Performance General General Good
Precision for

Good
None, no evolution Good, continuous evolution

a long runtime of prediction model of prediction model
Flexibility Poor General Good

of Things data, we adopt the principle of online processing to continuously collect data
for processing and analysis. PRBEC collects a large amount of historical data at one
time, and PSA manually collects environmental data and physical information. In terms
of data processing, PSA did not mention in detail. PRBEC batch processes all collected
data offline. Considering the dynamic and real-time nature of the Internet of Things
environment, we use stream processing technology for online data processing based on
the spatio-temporal semantics of data.

6. Conclusion. In this paper, a short-term energy prediction system for IoT system
is proposed, which provides a complete set of solutions for data acquisition, processing
and prediction. The system improves the computing efficiency and reduces the computing
pressure on the central server owing to the edge computing architecture adopted. A seman-
tic information method is proposed to process and transform scattered IoT data. Firstly,
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a DM is designed to support the unified representation of heterogeneous data. Later,
domain-specific ontologies are introduced for data fusion so as to reduce data redundancy
and data errors. As for data acquisition, a stream processing framework combining data
spatio-temporal characteristics and event rules is implemented to achieve conversion from
weak semantic data to event data. Finally, a predictable scenario model is established to
describe the scenario. This model allows event data to be integrated into a snapshot of
the scenario and mapped to the predictive model. On the basis of the above-mentioned
scenario model, an online neural network model is built for real-time prediction and mod-
el updating. A real-world case study of energy prediction in a regional energy system is
given to verify the feasibility and efficiency of the method.
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