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ABSTRACT

Traditional residential electricity prediction methods have problems, such as difficulty in ensuring
user privacy and poor convergence speed due to the influence of Different Residential Electricity
Consumption (REC) habits. A REC prediction method based on Deep Learning (D-L) and Fed-L
under the Cloud Edge Collaboration (CEC) architecture is proposed to address the above issues. First,
based on the CEC architecture, combining edge computing and cloud computing center server, the
overall model of REC prediction is built. Then, Federated Learning (Fed-L) and D-L model Empirical
Mode Decomposition - Long Short-Term Memory (EMD-LSTM) were introduced on the edge side,
and the edge side Fed-L depth model was personalized by using EMD-LSTM. Finally, aggregation of
edge side models was achieved in the cloud by receiving encrypted model parameters from the edge
side and updating and optimizing all edge side models. The results show that the proposed method
has the highest REC prediction accuracy, reaching 96.56%, and its performance is superior to the
other three comparative algorithms.

KEYWORDS

Cloud Edge Collaboration, Federated Learning, EMD, LSTM, Residential Electricity Consumption Prediction,
Simulation

DOI: 10.4018/1JGCMS.336846 *Corresponding Author

This article published as an Open Access article distributed under the terms of the Creative Commons Attribution License
(http://creativecommons.org/licenses/by/4.0/) which permits unrestricted use, distribution, and production in any medium,
provided the author of the original work and original publication source are properly credited.


https://orcid.org/0009-0001-1419-2141

International Journal of Gaming and Computer-Mediated Simulations
Volume 16 - Issue 1

1. INTRODUCTION

The reliability and economy of power system operation are important guarantees for the healthy
development of both society and the economy. Before a significant breakthrough in energy storage
technology, the electricity generation and consumption are roughly equal (Hong et al., 2020; Wang
et al., 2022; Chodakowska et al., 2021). Therefore, the planning and operation of the power system,
as well as the daily scheduling work of the power system, require REC prediction as the decision-
making basis, which has important research significance (Rendon-Sanchez & De Menezes, 2022).

With the continuous development of new energy grids, the combination of new energy and
REC has become increasingly close. REC prediction has higher value, higher difficulty, and new
technological foundation in the new era. When the power grid consumes intermittent, random, and
fluctuating new energy generation, it needs to have a certain reserve capacity. However, when the grid’s
capacity is insufficient, serious waste of resources, such as wind and solar power, may occur (Phyo &
Jeenanunta, 2021; Barman & Dev Choudhury, 2022; Tran et al., 2021). With the further development
of electricity market reform, the number of users in the electricity market is gradually increasing. The
power market adopts the market mechanism to improve the efficiency of various users in the power
sector. Accurate and reliable REC prediction is an important basis for the business decisions of users,
such as power companies and retailers. Therefore, as the number of market participants increases, the
number of stakeholders who need to make decisions based on REC predictions gradually increases (Li
etal., 2022; Mustageem & Kwon, 2022). In addition, with the further opening of the electricity market,
the impact of REC’s predictive power on the profitability of relevant power companies and retailers
is gradually increasing. Therefore, REC prediction has a more important position in the new market
environment (Ahmed et al., 2020; Huang et al., 2021; Basiri et al., 2021). Moreover, the accuracy of
REC prediction results will directly affect the quality of urban power grid planning work (Shahid,
Zameer, Muneeb et al., 2021; Wang et al., 2020; Kong et al., 2019). Due to the complex and diverse
factors that affect the prediction of residential electricity REC, simply considering the characteristics
of the energy consumption system itself is completely insufficient in the energy Internet mode. On
the basis of in-depth analysis of electrical characteristics, taking into account social, meteorological,
economic, and other influencing factors is necessary to ensure the accuracy and stability of prediction
accuracy (Chen et al., 2022; Sheng et al., 2021).

In addition, accurate REC prediction can ensure better trading in the dynamic electricity trading
market and is also an important indicator for future planning of the power system. Accurately providing
predicted load data for the corresponding period plays a crucial role in generating and selling electricity,
formulating reasonable electricity prices, and ensuring the normal production and life of residents.
However, the level of REC is influenced by local economic development level, human activities,
REC characteristics, and climate conditions, which undoubtedly increase the difficulty of predicting
electricity REC (Bento et al., 2021; Gao et al., 2022).

At present, scholars have conducted more research on precise load prediction algorithms for
total household electricity demand, but there has not been in-depth research on precise interaction
of terminal devices based on residential demand response, multidimensional evaluation models,
interaction strategies under multiple factors, identification and simulation of key loads for residents,
and other related contents. This cannot provide effective scientific research or theoretical support for
the construction of residential energy Internet (Alfieri & De Falco, 2020; Xie et al., 2020; Shahapure
& Nicholas, 2020). Due to the lack of data resources for the REC situation and the integration with
key data in the substation area, both the depth and breadth of research and the support for practical
applications need to be strengthened. It is far from meeting the application requirements to support
the interaction between the power grid and the residential intelligent REC, nor can it support the full
mode simulation of the source network load storage under the large power grid. Therefore, based on
accurate REC prediction research, it can quickly make up for the current shortcomings and provide
good theoretical support for residential intelligent REC, which is of great significance in ensuring
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the smooth operation of the power system and economic benefits (El-Hendawi & Wang, 2020; Zhang
& Li, 2021).

This article proposes a fast and efficient prediction method with good user privacy performance
for residential electricity consumption prediction. The main research content is as follows:

(1) Section 2 analyzes existing research and literature to clarify the advantages and disadvantages
of different methods.

(2) Section 3 constructs a residential electricity consumption prediction model based on cloud edge
collaborative architecture. Detailed introductions are given to the sub modules of the model,
including the overall model architecture, personalized federated learning based on deep learning,
EMD-LSTM model, federated learning deep model, and the specific process of residential
electricity consumption prediction.

(3) The performance of the proposed method is validated through simulation experiments in Section
4, including training the model to select better model parameters and comparative analysis with
other models.

2. RELATED RESEARCH

The further reform of the electricity market, the increasing randomness of REC behavior, and the
stable implementation of smart grids and ubiquitous IoT have respectively brought more urgent needs,
higher challenges, and new technological foundations to the research of electricity REC prediction.
Based on the rich historical data provided by the smart grid, researching REC prediction methods
with higher prediction accuracy and stronger explanatory performance is of great significance for
improving the operational and commercial decision-making efficiency of various users.

A REC prediction method with dynamic mirror descent function was constructed based on the
DL framework (Han & Wang, 2023), which can be adaptively applied to individual REC prediction.
However, this method has significant differences in prediction accuracy for different seasons. Shabbir
(2021) conducted comparative analysis on different types of REC prediction models based on the
same dataset and ultimately selected the grassroots model with better performance. However, this
method does not provide a novel resident fit prediction method. A single REC prediction model was
constructed by combining k-nearest neighbor algorithm and feature selection (Forootani & Rastegar
& Sami, 2022). However, this method did not fully consider the factors that affect load changes.
Gonzalez (2023) proposed a deep network model based on DNN that can be used for adaptive REC
prediction. However, as the number of residents changes, the error will also continue to increase. Park
(2023) proposed a REC prediction model that can aggregate remote training models by introducing
FL. However, the model cannot truly reflect the actual load changes of different users. Hou (2021)
proposed an adaptive REC prediction method by identifying the clustering structure to aggregate
the regularity of REC. However, the prediction error of this method is relatively high. Wu (2022)
proposed a transfer learning based REC prediction method using a boosting framework to transfer
and select multiple transfer models. However, when the power load exhibits irregular fluctuations,
the REC prediction accuracy of this method will decrease.

The structure of historical residential electricity data is very complex, and the characteristics
of residential electricity itself determine that these data have highly variable characteristics. Most
existing methods are based on deep learning to construct residential electricity consumption prediction
models, which may not be able to freely use historical data of residential electricity consumption
during training, making it difficult to make effective predictions in the process of residential electricity
consumption prediction. FL is a distributed machine learning with privacy protection function, and
each user’s original private dataset is stored on the edge side. A REC prediction method based on
DL and FL under the CEC architecture is proposed to address the issues of difficult user privacy
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assurance, poor convergence speed, and prediction accuracy in traditional REC prediction methods.
Compared with traditional methods, there are the following innovative points:

(1) CEC architecture is built by combining edge computing and cloud computing, and REC prediction
model is built on this basis.

(2) By introducing FL for model training on the edge side and then collecting, the privacy of user
data during transmission is ensured.

(3) A FL edge side model for REC prediction was constructed based on EMD-LSTM, which
personalized the FL and reduced the error of REC prediction.

3. BUILDING A REC PREDICTION MODEL BASED ON CEC ARCHITECTURE
3.1 Overall Model Architecture

According to data predictions from relevant scholars, data in various fields around the world will
show rapid growth in the future. Therefore, edge computing, which breaks the traditional centralized
data processing, has emerged. Edge computing is located between the terminal side and the cloud
data center, which is closer to the data source geographically. Here, we consider using the CEC
architecture to construct a REC prediction model.

The CEC system model mainly consists of user terminal side, multiple edge nodes, and cloud
side. The user’s REC data is collected and transmitted to the edge node through a data collection
device. The edge node processes or transmits the deployed service according to the service deployment
requirements. The edge node and cloud computing center are configured with computing and storage
resources that match their computing capabilities. Among them, cloud computing centers are server
clusters with powerful storage and computing capabilities. However, due to the distance between cloud
computing centers and user terminals, it will generate higher latency and network communication
costs. The computing resources and hardware devices of edge nodes are limited, but their distribution
is closer to the user terminal side. In the CEC environment, cloud computing centers are mainly
responsible for providing services from the edge side. Edge computing is mainly to process real-time
data and provide the cloud computing center with the services it needs.

The overall structure of the REC prediction model based on CEC is as follows.

In Fig. 1, the CEC architecture is applied to REC prediction, and FL and DL are also applied in
the prediction process. The model includes three parts:

(1) User side. At the user end, service data can be collected through power information collection
and transmission devices, and the collected data can be sent to the nearest edge node based on
the user’s location.

(2) Edge nodes. There are many edge nodes, depending on the size of the predicted REC range.
Each edge node conducts edge side training based on FL and DL models after receiving user
data. The trained model parameters will be encrypted and sent to the cloud.

(3) In the cloud. The cloud will receive the trained model parameters from all edge nodes, and
aggregate all edge side models based on these parameters. Through continuous updates and
optimization, the aggregated model is formed and used for online prediction of REC.

3.2 Personalized FL Based on DL
3.2.1FL

FL is an emerging machine learning algorithm framework originally used to solve the problem of
Android mobile end users updating language prediction models on the edge side. The design goal of
FL is to ensure privacy and data security during the big data exchange process under the premise of
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Figure 1. REC prediction model based on CEC
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legal compliance, so it is designed in a form that does not require direct data exchange or collection.
It not only protects user privacy but also solves the data island dilemma faced by the artificial
intelligence industry.

FL aims to establish a FL. model based on distributed datasets. Under the FLL framework, there
should be no less than two client nodes that will jointly train a global model with the cooperation
of a central server, and during the global model training process, it is required that the original data
does not go out of the edge. The working principle of FL is as follows.

In Fig. 2, the shared global model is trained by a federation composed of participating devices,
which is hosted by a central server. This method enables edge nodes to collaboratively train models
on the edge side without the need to share original training data. Here, the edge side model parameter
update will replace the training data. The central server will aggregate these parameter updates and
generate a new round of global models, repeating this process until the global model converges.
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Figure 2. Operational principle of FL
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The FL system consists of one server and K users. Let d, represent the database of edge side

user U, , k=1,2,3,..., K. The goal of the server side is to learn the models constructed by each

user based on their respective datasets. The client participating in edge side training needs to find a
model parameter o to minimize the center loss function, as shown below:

o= a ey

ETk
k=1

In eq(1), «, is the parameters trained by the k -th user, and o represents the parameters after

server aggregation. The meaning of p, is as follows:

d
P, =|K—k'|zo )

Zk:l |dk|

K
Ineq(2), Z |dL_ | represents the total number of data samples. Therefore, the optimization problem
k=1
of FL can be represented as follows:

K
o = a;g min ZpkLk (a,dk> 3)
=1

Ineq(d), L, (a, dk_) is the edge loss function of the % -th user.
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The training process of a FL system is shown in Fig. 3.

3.2.2 EMD-LSTM Model

The prediction of REC data relies on scientific prediction theories and reasonable prediction models.
There are two main directions, one is the mechanism driven method, which relies on analyzing the
characteristics of REC data through physical and mechanism information. However, this method
cannot fully mine historical data and has poor accuracy. The second is the model driven approach,
which utilizes machine learning models, probability models, or time series models to mine historical
data for training and apply it to unknown data. As the difficulty of data collection decreases and

Figure 3. The training process of FL system
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computing power becomes more efficient, model driven methods are more suitable for the current
transformer warning system.

LSTM is a RNN network oriented towards temporal data. Targeting structured and unstructured
data, corresponding LSTM combination prediction models can be established for data types. In
addition, the REC data series has nonlinear and non-stationary characteristics, and using EMD to
decompose the series can effectively enhance the availability of data. EMD is an adaptive signal
decomposition method that is particularly suitable. After decomposition, each sequence component
is predicted, and then the prediction results of each sequence component are reconstructed to obtain
a combined prediction result that meets the accuracy requirements.

Based on LSTM and EMD, an edge side combination model EMD-LSTM for FL can be
constructed, as shown in Fig. 4.

In Figure 4, IMF represents the natural mode function, which can be used to analyze the frequency
spectrum, solve the vibration behavior of the system under a single mode, analyze the modal matching
problem of the balance system, and study the process of object vibration and its attenuation. Here
it is mainly used for adaptive signal decomposition. n represents the number of the LSTM model.

3.2.3 FL Deep Model

REC data belongs to non-independent identically distributed data, and traditional FL creates global
models by aggregating these different model updates. However, this model can only obtain common

Figure 4. Edge side training model EMD-LSTM
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features of customers participating in training, so it may perform poorly on specific user data. To
address these issues, consider personalizing FL in specific issues and providing personalized models
for each customer in the federation.

By combining EMD-LSTM with FL, an EMD-LSTM-FL model is constructed, which enables
customers to train independent models using edge side data. Each client first trains the model on a
common dataset to execute EMD-LSTM and then fine tunes the model based on edge side data before
the FL training phase. This is equivalent to designing a structure of “basic layer + personalized layer.”
The basic layer shares data with the central server, while the personalization layer maintains privacy
on the client side for edge side training.

Train edge side models of different users using EMD-LSTM in the EMD-LSTM-FL model.
EMD-LSTM utilizes the ReLLU function for activation. When aggregating models, weight ratios are
used for weighted integration to obtain the aggregated model, as shown below:

Q :waJr(lfw)aO S

FedL

In eq(4), represents the parameters of the aggregation model. « and « represent the

FedL
model parameters distributed at different edge nodes, respectively. w represents the weight ratio of
different edge node model parameters. This method converges faster than traditional neural networks

and has better convergence performance during parameter joint initialization.

3.4 REC Prediction Process
The REC prediction process based on DL and FL under the CEC architecture is as follows:

Step 1: Obtain historical raw data based on REC information on the user end and send this data to
the nearest edge node.

Step 2: Build a model framework and parameter encryption transmission mechanism for edge side
training based on FL.

Step 3: Select feature inputs based on REC data and decompose the historical raw data sequence of
REC using EMD. Divide the modal decomposed data into training and testing sets.

Step 4: Apply the DL model LSTM to the edge side model in FL to form the FL depth model.

Step 5: Train the edge side model of each edge node using the training set and verify the trained
model using the test set to determine whether the model meets the accuracy requirements. If the
requirements are met, proceed to the next step. Conversely, readjust the model hyperparameters
and repeat the training process.

Step 6: Obtain the available model parameters for each edge side model through edge side training.

Step 7: Encrypt all edge side model parameters and send the encrypted parameters to the central
server in the cloud.

Step 8: The central server builds an aggregation model by continuously optimizing and updating the
parameters of all user edge side models.

Step 9: Use an aggregation model for online prediction of REC.

The specific prediction process is shown in the following.

4. SIMULATION ANALYSIS

4.1 Experimental Setup

The experimental hardware settings are shown in Table 1.
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Figure 5. Typical architecture of FL
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Table 1. Hardware configuration for the experiment

Hardware Configuration
(N Win 10
CPU Intel Core i5
GPU NVIDIA GTX 1660
Running memory 32 GB

Choosing the appropriate number of hidden layers is an important consideration in the design
and training of deep neural networks based on the specific tasks and characteristics of the dataset.
Generally speaking, using at least two hidden layers can effectively enhance the model’s expressive

10
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power and feature learning effectiveness. In this experiment, we determined the optimal number of
hidden layers to be 5 through experimental adjustments.

In order to adapt to unstable objective functions and maximize computational efficiency while
reducing memory usage, Adam was selected as the optimizer.

The Adam optimizer can adaptively adjust the learning rate based on historical gradient
information. In the early stages of training, the Adam optimizer uses a higher learning rate and can
quickly converge. In the later stage of training, using a smaller learning rate can more accurately
find the minimum value of the loss function. Therefore, we set the initial learning rate to 0.1 for the
Adam optimizer to make adaptive adjustments.

The configuration of the experimental software is as follows.

4.2 Data Set

The dataset used in the experiment was actual REC data provided by a power supply company in
Zhejiang Province, China. This dataset includes hourly electricity usage data, house feature data,
and weather data for 132 users in a certain substation area over the past three years. The specific
situation of the data is as follows:

(1) Energy usage data is sampled in hours. In this way, 24 samples can be taken per day, resulting
in 24 sampling values. Hourly energy usage data is recorded in kilowatt hours.

(2) The housing feature data includes various building information, such as the type of housing
feature (old-fashioned single-story residential buildings, modern high-rise apartments, etc.),
housing orientation, surrounding rent situation (to determine consumption level), and HVAC
type (gas fireplace, electric heating, fixed air conditioning, etc.).

(3) Weather data is collected from the nearest weather station to the residence, including hourly
outdoor temperature, outdoor relative humidity, and a brief textual description of the day’s
weather (such as cloudy or sunny days).

The visualization display of REC data for a certain resident is shown below.

4.3 Evaluating Indicator

Select the average absolute error and root mean square error F as evaluation indicators

MAE RMSE

in the REC prediction experiment. F, , and FE, . respectively reflect the error between the

predicted and measured values, so the smaller the two, the better the prediction effect; that is, the
higher the accuracy of the prediction. Their calculation method is as follows:

EMAE = %Z 6/ (t) ¢ (t>‘ (5)

Table 2. Software and parameter configuration for the experiment

Parameter Value
Programming Language Python3.7
Deep learning framework PyTorch
Number of hidden layers 5
Optimizer Adam
Learning rate 0.01

1"
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Figure 6. REC data of a certain user
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Ineq(5) and (6), e (t) is the measured value of photovoltaic output, e' (t) is the predicted value

of photovoltaic output before the day at time #, and N is the total number of time series points
synthesized by all samples in the test set.

4.4 Model Training

After selecting appropriate data, it is necessary to preprocess the data before conducting training.
The REC prediction model based on DL and FL requires real and complete load data input to learn
the internal laws of load changes.

The following data preprocessing methods are used for the original time features, including
maximum minimum normalization, One Hot encoding, and period encoding, to analyze the impact
of feature preprocessing methods on prediction accuracy. This experiment predicts the load within a

certain month in the HUE dataset, while the remaining data is used as the training set. £, . and

E, s are as follows.

In Fig. 7, the model with max min normalization of the original data features has the best
prediction performance, followed by periodic encoding, and the error indicator with One Hot encoding
is the worst. Therefore, in the following experiment, max min normalization was used to preprocess
the raw data. If data of different dimensions are trained directly in the model without processing,
it may affect the training speed and prediction accuracy. Therefore, it is necessary to normalize the
data; that is, scale the dataset proportionally to the range of [0,1], which can effectively remove the
influence of dimensionality, transform dimensional values into dimensionless pure values, and solve
the problem of significant numerical differences between different features. At the same time, it can

12
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Figure 7. The relationship between EMAE and load similarity
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also reduce data noise, improve training speed, and prevent overfitting. The following is an analysis
of the relationship between prediction error and load similarity. Load similarity refers to the degree
of similarity between the input sample and the predicted result.

The variation of £, - with load similarity in the experiment is as follows.

E
InFig. 8, there is a negative correlation between E, . and the load similarity of the predicted day. When

the load similarity between similar days and predicted days increases, the corresponding prediction error will
decrease. That is to say, the selection of similar days has a positive impact on building REC prediction.

Figure 8. The relationship between EMAE and load similarity
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4.5 Comparative Analysis

In order to further verify the superiority of the REC prediction methods based on DL and FL under the
proposed CEC architecture, comparative experiments will be conducted with the DMD-DL method in
[25], the ALA-LSTM method in [30], and the DBTR method in [31], respectively. Among them, [25]
is a study conducted on the volatility of electricity consumption among different individual residents.
This method can be adaptively applied to individual residential electricity consumption prediction,
and is representative in predicting individual residential electricity consumption. [30] achieves
aggregation of residential electricity consumption patterns by identifying clustering structures, which
can represent methods based on clustering structures. [31] considers the impact of the continuous
popularization of electric vehicles on the composition of household electricity consumption data,
which is representative in the application of new energy.

The number of model parameters and training time for different methods are as follows when
conducting experiments using the same dataset and under the same experimental conditions.

The data in Table 3 indicates that the proposed method can achieve convergence at the fastest speed.

The REC prediction results of different methods are as follows.

The prediction accuracy obtained by using different methods for REC prediction is shown in Fig. 10.

In Fig. 9 and 10, the REC of proposed method are closest to the real curve and the final REC
prediction accuracy is the highest, reaching 96.56%.

The following experimental analysis is conducted on the impact of different methods on the
prediction time scale in the REC prediction process.

Table 3. Number of model parameters and training time for different methods

No. of parameters Single iteration time Training time
Proposed method 5867 32s 8.3 min
Ref. [25] 8543 4.7s 10.2 min
Ref. [30] 7492 55s 12.73 min
Ref. [31] 10538 6.8s 15.43 min

Figure 9. Result of residential electricity consumption prediction using different methods
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Figure 10. Accuracy of REC prediction using different methods
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The curve in Fig. 11 verified that the proposed method still has better predictive ability over a
longer time scale.

Using different methods to predict the REC situation, the overall £, . and E, . comparison
results are shown in Fig. 12, 13, and Table 4, respectively.

The above experimental results provide the REC prediction results of four methods under the

same experimental conditions using the same dataset. The results indicate that the experimental
results of the proposed method are superior to other methods.

Figure 11. The degree to which different methods are affected by the predicted time scale
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Figure 12. EMAE for REC prediction using different methods
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Table 4. Comparison of experimental results for different methods

Eyiae Euse
Proposed method 3.54% 3.48%
Ref. [25] 8.45% 8.23%
Ref. [30] 12.49% 12.18%
Ref. [31] 4.57% 4.72%
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4.6. Discussion

We will discuss the above experimental results here:

(1) In Table 3, the proposed method has the least number of parameters compared to the other
three comparative methods. Therefore, its single iteration time and model training time are both
minimized, and it can complete convergence at the fastest speed.

(2) InFig.9and 10, the REC of proposed method are closest to the real curve, and they tend to converge
after the 20th iteration. Compared with the other three comparison methods, the proposed method
converges the fastest and the final REC prediction accuracy is the highest, reaching 96.56%.

(3) InFig. 11, the accuracy of REC prediction decreases with increase of time scale. This is because
during the rolling prediction process, some predicted values are used as inputs to the neural
network, causing errors to gradually accumulate and increase. In the process of predicting changes
in the time scale, the proposed method consistently outperforms the other three comparative

methods in terms of prediction accuracy, with the highest indicator F not exceeding 4%.

MAE
Verified that the proposed method still has better predictive ability over a longer time scale.
(4) The above experimental results provide the REC prediction results of four methods under the

same experimental conditions using the same dataset. The REC prediction of the proposed
method has the smallest £ and F divided into 3.54% and 3.48%. The E of the

MAE RMSE ° MAE
proposed method decreased by 4.91%, 8.95%, and 1.03% compared to the other three comparative

methods, while £, .~ decreased by 4.75%, 8.70%, and 1.24%, respectively. This is due to the
introduction of EMD-LSTM in the traditional FL architecture for constructing edge side training
models in FL. By personalizing FL, it improves its poor performance on specific user data, and
overall reduces and improves the accuracy of REC prediction.

5. CONCLUSION

A REC prediction method based on DL and FL under the CEC architecture is proposed to address
the issues of difficult user privacy assurance, poor convergence speed, and prediction accuracy
in traditional REC prediction methods. The experimental verification results show that the CEC
architecture can break the traditional centralized data processing process and achieve rapid processing
of massive data by providing nearest services. Building a REC prediction model based on FL does not
require direct data exchange or collection, and can effectively safeguard data privacy without affecting
data exchange and sharing. By constructing an edge side training model in FL based on EMD-LSTM
to personalize FL, the problem of poor performance of traditional FL on specific user data can be
improved, greatly reducing the error of REC prediction. At the same time, we need to realize that the
proposed method did not conduct relevant analysis on the impact of different performance terminal
devices on prediction results in actual scenarios. Therefore, the next phase of research will focus on
studying the problem of different performance terminal devices being unable to synchronously upload
their edge side model parameters in practical scenarios by introducing the idea of asynchronous FL.
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