A Prediction Optimization Method
with Federated Learning and Neural
Architecture Search for Distributed

Renewable Energy Sources

Jun Su'2, Chaolong Tang' and Zhiquan Liu®

LSchool of Electrical Engineering and Automation, Xiamen University of
Technology, Xiamen, Fujian Province, China, 361012

2Xiamen Key Laboratory of Frontier Electric Power Equipment and Intelligent
Control, Xiamen, Fujian Province, China, 361012

E-mail: junsul 989@163.com

*Corresponding Author

Received 05 October 2024; Accepted 23 March 2025

Abstract

This paper proposes a prediction optimization method with federated learning
and neural architecture search for distributed renewable energy sources,
which is suitable for intelligent management of multi node distributed energy
networks. The federated learning technology is used to enable each energy
node to independently train local neural network models without sharing raw
data, ensuring data privacy and security, and achieving collaborative opti-
mization among nodes through the aggregation of global model parameters.
By combining neural architecture search (NAS) technology, the system can
automatically design the optimal neural network architecture and dynami-
cally adapt to the energy demands and environmental changes of different
nodes. This method improves the efficiency and robustness of distributed
renewable energy systems through real-time scheduling optimization and
load forecasting, and is suitable for various renewable energy generation
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scenarios such as wind power and photovoltaics. Finally, the experiment
results have shown that the method proposed in this paper improves the
intelligence of energy scheduling and the accuracy of prediction, ensuring
data security and the adaptive optimization capability of the system.

Keywords: Distributed energy system, predictive optimization, federated
learning, neural architecture search, adaptive control.

1 Introduction

With the continuous growth of global energy demand and the increasing
emphasis on environmental protection, renewable energy, especially dis-
tributed energy systems such as wind power and photovoltaics, have become
an important development direction in the energy field [1, 2]. However,
the efficient management and optimization scheduling of distributed energy
systems face many challenges, such as data privacy protection, coordinated
optimization of heterogeneous nodes, and dynamic adaptability in complex
environments. Traditional centralized scheduling methods rely on centralized
data processing, which poses risks of data privacy breaches and computa-
tional resource bottlenecks, making it difficult to meet the needs of modern
distributed energy systems [3].

Based on the summary and analysis of existing research results, tra-
ditional distributed energy scheduling methods mainly rely on centralized
data processing and fixed model architectures, which have the following
limitations [4—6]: (1) Data privacy risks: Centralized data processing methods
require uploading data from each node to a central server, which poses a
risk of data privacy leakage [7]. (2) Computing resource bottleneck: Cen-
tralized methods require high computing resources from central servers,
making it difficult to meet the demands of large-scale distributed energy
systems [8]. (3) Poor model adaptability: The fixed model architecture is
difficult to adapt to the diverse needs of different nodes and dynamically
changing environments, resulting in a decrease in prediction accuracy and
scheduling efficiency [9, 10]. (4) Poor model generalization ability: Most
existing scheduling and prediction methods are based on pre-defined fixed
models, which often struggle to adapt to the diversity and dynamic changes
of distributed energy nodes [11]. Due to significant differences in energy
demand and environmental conditions among nodes, a single model is dif-
ficult to achieve good performance on all nodes, resulting in unsatisfactory
scheduling and prediction results [12]. (§) Lack of collaborative optimization
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mechanism: In distributed systems, each node usually schedules and pre-
dicts independently, lacking effective collaborative optimization mechanisms
[13, 14]. This decentralized optimization approach can easily lead to low
overall system efficiency, inability to fully utilize the collaborative effects
of each node, resulting in resource waste and low energy utilization. (6) The
design of neural network architecture is complex: most existing methods rely
on human experience and trial and error methods when designing neural
network architecture, which is time-consuming, laborious, and difficult to
ensure that the designed architecture is optimal [15]. Especially in complex
distributed renewable energy systems, manually designed neural network
architectures often fail to meet practical needs, resulting in unstable model
performance.

In addition, the existing methods lack effective fault tolerance and adap-
tive mechanisms when facing system failures or abnormal situations, which
can easily lead to a significant decline in system performance [16]. Especially
in distributed systems, node failures and network instability often affect
the overall stability and reliability of the system. Meanwhile, traditional
scheduling methods perform poorly in resource utilization and cannot fully
utilize the computing and storage resources of distributed energy nodes [17].
This not only affects the overall efficiency of the system, but also increases
energy consumption and operating costs [18].

To solve the above problems, this paper proposes a prediction opti-
mization method with federated learning and neural architecture search
for distributed renewable energy sources, which is suitable for intelligent
management of multi node distributed energy networks. The system uses fed-
erated learning technology to enable each energy node to independently train
local neural network models without sharing raw data, ensuring data privacy
and security, and achieving collaborative optimization among nodes through
the aggregation of global model parameters. By combining neural archi-
tecture search technology, the system can automatically design the optimal
neural network architecture and dynamically adapt to the energy demands
and environmental changes of different nodes. This method improves the
efficiency and robustness of distributed renewable energy systems through
real-time scheduling optimization and load forecasting, and is suitable for
various renewable energy scenarios such as wind power and photovoltaics.

The main contribution of this paper can be summarized as,

(1) A distributed renewable energy scheduling and prediction optimization
method and system based on federated learning and neural architecture
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search is proposed, it can improve the scheduling efficiency and predic-
tion accuracy of distributed renewable energy systems, while ensuring
data privacy and security.

(2) The optimal neural network architecture combining NAS technology is
designed to dynamically adapt to the needs and environmental changes
of different distributed energy nodes, greatly improving the system’s
adaptability and robustness.

(3) The combination of federated learning and NAS is discussed to achieve
multi-nodes collaborative optimization, enabling the system to effec-
tively utilize computing resources in distributed systems, improve
overall scheduling efficiency.

The rest of this paper is organized as follows. In Section 2, the charac-
teristics of distributed renewable energy sources is analyzed. In Section 3,
the proposed prediction optimization with federated learning and neural
architecture search for distributed energy sources is presented. In Section 4,
the combination and collaboration of federated learning and neural architec-
ture search is discussed. Subsequently, the proposed method is validated in
Section 5. Finally, the conclusion is drawn in Section 6.

2 Characteristics of Distributed Renewable Energy
Sources

As shown in Figure 1, the typical renewable energy systems mainly include
wind farms and photovoltaic power stations, which have significant distri-
bution characteristics and are usually distributed in areas with wide geo-
graphical locations and abundant resources. Wind farms are usually located
in coastal or mountainous areas with abundant wind resources, while photo-
voltaic power plants are mostly distributed in deserts, deserts, and plateaus
with abundant sunshine. This distribution characteristic determines that the
power generation capacity of the renewable energy system is closely related
to factors such as geographical location and meteorological conditions.

In the renewable energy system, the output of wind power and photo-
voltaic power generation has a high degree of randomness and volatility.
The power generation of wind farms is influenced by meteorological factors
such as wind speed and direction, while the power generation of photovoltaic
power plants is mainly affected by factors such as solar radiation intensity
and temperature. In order to achieve more accurate load forecasting and
scheduling optimization, it is necessary to establish mathematical models
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Figure 1 Distributed renewable energy system model.

to describe the relationship between these influencing factors and power
generation.
Assuming that the relationship between the power generation P, and
wind speed v of a wind farm can be expressed by the following formula:
1
Py = 5pAv°Cy(), B) (1
where p is the air density, A is the swept area of the wind turbine, Cy, (A, 3) is
the power coefficient, A is the blade speed ratio, and 5 is the blade angle.

Similarly, the relationship between the power generation P, and the solar
radiation intensity / can be expressed,

va = TIAI (2

where 7 is the conversion efficiency of the photovoltaic module, A is the area
of the photovoltaic module, and / is the solar radiation intensity.

In the practical applications, the power generation of wind and photo-
voltaic power is not only affected by the above factors, but also by other
environmental factors such as temperature, humidity, air pressure, etc. There-
fore, it is necessary to extract the characteristics of these influencing factors
through big data analysis and machine learning methods, and establish a
multivariate prediction model.

Meanwhile, the autonomy and intelligence level of nodes are key to
achieving efficient operation. The node is equipped with advanced sensors
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and data acquisition devices, which can collect and process data in real-time
locally, monitor operating status, load demand, and environmental changes.
These data are analyzed and processed through intelligent algorithms to
achieve precise control over energy production and consumption. In order
to adapt to different load demands and market changes, the nodes adopt
advanced control strategies and optimization algorithms, which can flexibly
switch between multiple operating modes. For example, through predictive
models and optimization algorithms, nodes can prioritize the use of energy
storage systems during peak load periods and store energy during low load
periods.

3 Prediction Optimization with Federated Learning and
Neural Architecture Search for Distributed Energy
Sources

3.1 Application Model of Federated Learning in Distributed
Systems

In the scheduling and prediction process of distributed systems in the field of
renewable energy, they face multiple challenges such as data decentralization,
privacy protection, and efficient utilization of computing resources. Federated
learning can effectively solve these problems by training local models on
various distributed nodes and summarizing the model parameters of each
node without exchanging raw data.

The application model of federated learning in distributed systems first
requires defining the local training process of each node. Assuming there
are N nodes in the system, each node ¢ has a local dataset D;. The training
objective of the local model is to minimize the loss function L;(¢), where 6
is the model parameter. The local loss function can be expressed as:

Li®) = 157 o U f(w550),y;) 3)

il (z5,y5)€D;

where /() is the loss function, f(x;; ) is the predicted output of the model,
and y; is the true label. Each node performs gradient descent update on the

local dataset,
0t = 0 — v Li(6}) 4

where 7 is the learning rate, V L;(6?) is the gradient of loss function L; with
respect to parameter ;.
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In each round of federated learning, each node sends locally updated
model parameters to the central server, which aggregates these parameters.
One of the commonly used aggregation methods is weighted average, and
the aggregated global model parameter #°*! can be expressed as:

N

D,|
0= g 5)
iz; 25\21 |Dj‘

Through the above process, federated learning can improve the gen-
eralization ability of the model by utilizing global information without
exchanging raw data, while protecting data privacy.

In addition, this paper also considers the personalized needs of each
node. In renewable energy dispatch and load forecasting, different nodes
may have different characteristics and demands. In order to implement a
personalized model, the present invention introduces a personalized layer.
After the global model training is completed, each node can further fine tune
the personalization layer on the local dataset to adapt to local characteristics.
The update formula for parameter f; of the personalization layer is:

Pt = ¢l —nVLi(h) (6)

In this way, each node not only shares the advantages of the global model,
but also can make personalized adjustments based on local data, further
improving prediction accuracy.

3.2 Construction and Optimization of Neural Architecture
Search (NAS) Model

This paper establishes an intelligent and efficient neural architecture search
model to meet the complex needs of distributed renewable energy scheduling
and load forecasting. The NAS model can dynamically adjust the network
architecture in a changing environment by automating the search of neural
network structures, thereby achieving efficient model training and dynamic
architecture optimization while ensuring data privacy.

The construction of NAS model mainly includes three parts: search space,
search strategy, and performance estimation.

(1) Search space: The search space defines all possible neural network
architectures. In the present invention, the search space includes a com-
bination of various neural network layers (such as convolutional layers,
fully connected layers, pooling layers, etc.) and their hyperparameters



220  Jun Su et al.

(such as convolution kernel size, stride, activation function, etc.). In
order to reduce the complexity of the search space, the present invention
adopts a modular design, dividing the neural network into several basic
modules, each module containing several optional operations.

(2) Search strategy: The search strategy is used to select the optimal neural
network architecture in the search space. Common search strategies
include evolutionary algorithms, reinforcement learning, and Bayesian
optimization. In the present invention, a distributed search strategy based
on reinforcement learning is adopted, taking into account the character-
istics of federated learning. Specifically, the policy gradient method in
reinforcement learning was adopted to generate candidate architectures
through policy networks, and parallel evaluation was performed using
the client in federated learning to accelerate the search process.

(3) Performance estimation: Performance estimation is used to evaluate
the performance of candidate architectures. Traditional performance
estimation methods require training each candidate architecture, which
is impractical in situations where computing resources are limited. To
solve this problem, the present invention adopts a performance esti-
mation method based on a proxy model. Specifically, training a proxy
model to predict the performance of candidate architectures reduces the
number of actual training iterations.

To describe the optimization process of the NAS model, the following
formula is introduced:

Firstly, define the parameters of the policy network as 6, the candidate
architecture as a, and its performance as R(a). The goal of the strategy
gradient method is to maximize the expected performance of candidate
architectures:

mgx anw(e) [R<a)] (7

Where, 7(6) represents the probability distribution of candidate architec-
tures generated by the policy network. By using the gradient ascent method,
the parameters of the policy network can be updated:

0+ 0+ CKVQEaNﬂ.(g) [R(a)] (8)

Under the federated learning framework, the client evaluates the perfor-
mance of candidate architectures in parallel and returns the results to the
central server. The central server updates the parameters of the policy network
based on feedback results, gradually approaching the optimal architecture.
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The NAS model proposed in this paper has significant advantages in the
field of distributed renewable energy scheduling and load forecasting. Firstly,
by automating the search of neural network architecture, the workload of
manual design is reduced and the adaptability of the model is improved.
Secondly, by combining federated learning technology, efficient model train-
ing and dynamic architecture optimization can be achieved while ensuring
data privacy. Finally, the performance estimation method based on the proxy
model significantly reduces the consumption of computing resources, thereby
improving search efficiency.

4 Combination and Collaboration of Federated Learning
and Neural Architecture Search

4.1 Integration Mechanism of Federated Learning and NAS

This paper combines federated learning with Neural Architecture Search to
achieve the goal of distributed renewable energy scheduling and predictive
optimization. This scheme utilizes local data at each node in a distributed
system and adopts NAS algorithm to automatically optimize the neural
network architecture, thereby significantly improving scheduling efficiency
and load forecasting accuracy.

Federated learning is a distributed machine learning method that allows
multiple nodes to collaboratively train a global model without sharing local
data. Specifically, each node trains the model on local data and sends the
model parameters (rather than the data itself) to the central server. The central
server aggregates model parameters from various nodes, updates the global
model, and then distributes the updated model parameters back to each node.
Through this iterative process, federated learning achieves global model
optimization while ensuring data privacy. Neural architecture search is an
automated method for designing neural network structures, which searches
various candidate architectures in the search space to find the optimal neural
network structure. NAS typically optimizes network architecture through
methods such as reinforcement learning, evolutionary algorithms, or gradient
descent. The core of NAS lies in its automation and efficiency, which can
find the best performing model among a large number of possible network
architectures. The combination mechanism of federated learning and NAS is
as follows:

(1) Local model training: Each distributed node first undergoes prelimi-
nary model training on its local data, using the current neural network
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architecture for parameter optimization. Assuming that the local data of
the i-th node is D; and its model parameters are 6;, the objective function
for local training can be expressed as:

I%in L(D;; 0;) )

Where L represents the loss function.

(2) Model parameter aggregation: Each node sends its trained model param-
eters to the central server. The central server aggregates these parameters
to generate global model parameter 6. The commonly used aggregation
method is weighted average:

N

| D
9= g (10)
iz; Zjvzl |Dj‘

Where |D;| represents the data volume of the i-th node, and N is the
total number of nodes.

(3) NAS optimization: Based on the global model parameters, the central
server performs neural architecture search. Specifically, NAS searches
for various candidate architectures in the space to find the architecture
that performs best on global data. Assuming the search space is A, the
objective function of NAS is:

o = argmax P(a; 0) (11)
acA
Where a represents the candidate architecture, and P represents the
performance evaluation function of the architecture.

(4) Architecture update and distribution: The central server sends back the
optimized optimal architecture o* and its corresponding parameters 6*
to each node. After receiving the new architecture and parameters, each
node continues to train and optimize on local data.

As shown in Figure 2, by combining federated learning with NAS, not
only can the local data of each node in the distributed system be fully
utilized to improve the generalization ability and prediction accuracy of
the model, but also the neural network architecture can be automatically
optimized through NAS to enhance the efficiency and performance of the
model. This scheme achieves the optimal solution for distributed renewable
energy scheduling and prediction while ensuring data privacy, and has broad
application prospects and practical value.
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Figure 2 Combination mechanism and collaborative method based on federated learning
and neural architecture search.

4.2 Multi-node Collaborative Optimization Scheme

This paper proposes an efficient multi node collaborative optimization
scheme based on federated learning and neural architecture search, aiming to
achieve high efficiency and accuracy in distributed renewable energy schedul-
ing and prediction, while ensuring data privacy protection and dynamic
adaptability.

Firstly, utilizing federated learning techniques to collaboratively train data
distributed across different nodes without the need to centralize the data onto
a central server. Each node trains a model locally and sends its parameters to
the central server for aggregation, forming a global model. Federated learning
achieves global model optimization while ensuring data privacy through
periodic parameter exchange and updates. Specifically, assuming there are
N nodes, each node 7 has a local dataset D;, the update process of global
model parameter # can be expressed as:

Ori1 = nZ ’| 15|| VLi(6r) (12)

Where 7 is the learning rate, £;(6;) is the loss function of node 4, | D;| is
the dataset size of node 4, and | D] is the total size of all node datasets.
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NAS improves model performance and efficiency by automatically
searching for the best neural network architecture. In the specific implemen-
tation, reinforcement learning (RL) method is used for architecture search,
a controller network is defined to generate candidate architectures, and
their performance is evaluated by training sub networks. The optimization
objective and the constraints of the controller network can be expressed as:

N

J(0.) = argmax Z Jr, (6c)
01.02,..08 "]

(13)
st. Jo,(0,) <0 n=1,2,...,N
Dx1,(0n,0,4) <6 n=1,2,...,N
where § = {01, 72,...,0N} represents the set of control strategies for all

intelligent agents; Dy () is KL divergence function, used to measure the
previous strategy 7, ; and the updated strategy 7y, 141, the distance between
t+1 is constrained by the upper limit  to ensure that the continuous strategies
are similar to each other.

Where 6, is the parameter of the controller network, mg,(a|s) is the
strategy generated by the controller network for architecture a, and R(a) is
the performance evaluation result of architecture a.

By combining federated learning with neural architecture search, the
following steps are performed in each training cycle:

(1) Each node trains the model on local data and updates parameters;

(2) The local parameters are sent to the central server for aggregation to
form a global model;

(3) Using NAS technology to perform architecture search on the basis of the
global model, optimize the neural network structure;

(4) Distribute the optimized model parameters and architecture to each node
for the next round of training.

This multi node collaborative optimization scheme has the following
significant advantages:

(1) Through federated learning technology, data privacy protection is
achieved, avoiding security risks caused by data concentration;

(2) Through neural architecture search technology, the neural network
structure is dynamically optimized to improve the adaptability and
performance of the model;
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(3) Through distributed training, the computational efficiency has been
improved, adapting to the needs of distributed renewable energy
scheduling and prediction in smart grids.

In summary, the multi node collaborative optimization scheme based on
federated learning and neural architecture search proposed in this paper pro-
vides an efficient, accurate, data privacy protected, and dynamically adaptable
solution for the development of smart grids.

5 Experimental Verification

In order to verify the application effect of the method proposed in this
paper in distributed renewable energy systems, testing and validation were
conducted based on specific implementation examples. The testing envi-
ronment includes hardware configuration and software tools to ensure the
comprehensiveness and accuracy of the testing.

5.1 Parameter Settings

The simulation model includes main components such as data collection
and preprocessing module, federated learning model training and aggregation
module, and neural architecture search optimization module, which can truly
reflect the operating characteristics and control behavior of distributed renew-
able energy systems. The parameter settings of the simulation model refer
to the technical specifications and operational data of distributed renewable
energy systems, ensuring that the simulation results have practical signifi-
cance. Simulate various scheduling strategies and load forecasting algorithms
on the simulation model, and reorganize them, including different node num-
bers, load scenarios, energy types, etc., to test the adaptability and robustness
of the system.

This study was conducted in a hardware environment equipped with an
Intel Xeon Gold 6248 processor (2.5 GHz), 256 GB DDR4 memory, and 1
TB NVMe SSD storage. The operating system used was Ubuntu 20.04 LTS,
and the simulation platform was MATLAB/Simulink R2022a. The simulation
model includes data collection and preprocessing modules, federated learning
model training and aggregation modules, and neural architecture search opti-
mization modules. In the data collection and preprocessing module, data is
collected at a sampling frequency of 1 Hz and cleaned using standardization
and mean imputation methods. The federated learning model training and
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Table 1 Parameters of the models

Name Parameter Values
Wind turbine unit Rated power 2 MW
Cut-in wind speed 3 m/s
Rated wind speed 12 m/s
Cut-out wind speed 25 m/s
PV module Rated power 300 Wp
Module efficiency 18%
Temperature Coefficient —0.45%/°C
Energy storage Capacity 1 MWh
Charge-discharge Efficiency 90%
Load characteristic Peak load 5SMW
Valley load 1 MW
Communication delay ~ Average delay 50 ms
Maximum Delay 200 ms

Table 2 Parameters of the algorithm

Name Parameter Values
Federated Learning  Local training rounds 10
Global aggregation frequency 30 mins
Learning rate 0.01
NAS search space size 1000
Search algorithm Reinforcement
Optimization Objective Minimize energy consumption
constraint condition System stability

aggregation module sets the local training rounds to 10 and the global aggre-
gation rounds to 20, with a learning rate of 0.01. The optimization algorithm
uses Adam [13]. The search space of the NAS optimization module includes
20 different network architectures, with evaluation metrics of accuracy and
energy consumption. The search strategy adopts a reinforcement learning
based architecture search, which is evaluated every 5 rounds of training.

When using MATLAB/Simulink platform for simulation testing, the
parameter settings of the simulation model refer to the technical specifica-
tions and operating data of distributed renewable energy systems, ensuring
that the simulation results have practical significance. The setting of simula-
tion parameters is shown in Table 1. Where, the distributed renewable energy
system dataset is set as actual operational data, covering wind and photo-
voltaic power generation data from 2020 to 2023. The specific parameter
settings and algorithm settings are shown in Table 2.
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5.2 Result Analysis

From Figure 3, it can be seen that the distributed scheduling algorithm based
on federated learning and NAS exhibits high scheduling efficiency in differ-
ent load scenarios. Specifically, during peak, mid peak, and low peak periods,
the scheduling efficiency of the distributed scheduling algorithm based on
federated learning and NAS is 80.65%, 89.80%, and 97.50%, respectively. In
contrast, the scheduling efficiency of traditional centralized scheduling algo-
rithms is 68.45%, 78.89%, and 90.12%, respectively, while the scheduling
efficiency of distributed scheduling algorithms without NAS optimization is
73.25%, 84.50%, and 93.10%. This indicates that the distributed scheduling
algorithm based on federated learning and NAS is significantly superior to the
other two algorithms in all load scenarios. The distributed scheduling algo-
rithm based on federated learning and NAS has a scheduling efficiency that
is 12.20%, 10.91%, and 7.38% higher than traditional centralized scheduling
algorithms during peak, medium, and low peak periods, respectively; 7.40%,
5.30%, and 4.40% higher than the distributed scheduling algorithm without
NAS optimization. These data indicate that the method proposed in this paper
has significantly improved scheduling efficiency in different load scenarios,
especially during peak and mid peak periods. These results fully demonstrate
the effectiveness and superiority of distributed scheduling algorithms based
on federated learning and NAS in improving scheduling efficiency, and
have strong adaptability and higher robustness in scenarios with large load
fluctuations.

Figure 4 shows the accuracy of load forecasting using different methods.
From the Figure 4, it can be seen that the load forecasting method based on
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federated learning and NAS proposed in this paper exhibits high prediction
accuracy in 24-hour electricity load changes. In contrast, the traditional
historical average prediction method and Autoregressive Integrated Moving
Average Model (ARIMA) algorithm have certain deviations in their predic-
tion results during the morning and evening peak periods, making it difficult
to accurately capture the peak load changes. The actual load curve shows that
the load remains at a low level from 0-5 am, starts to rise after 6 am, and
reaches its peak during 12—14 pm, followed by a secondary peak during 18—
19 pm. After 20:00 at night, the load gradually decreases, which conforms
to the daily electricity consumption pattern. The prediction method based
on federated learning and NAS closely fits the actual load, especially during
peak load periods and rapid changes. The deviation between the predicted
results and the actual values is small, demonstrating strong dynamic response
and adaptive optimization capabilities. In contrast, the prediction curve of
the historical average prediction method shows a certain degree of lag during
peak periods, especially during the 12—14 noon period, when the predicted
load is lower than the actual load, indicating its limitations in dealing with
complex nonlinear load changes and difficulty in effectively capturing the
dynamic changes of peak load. Although the ARIMA algorithm has good
fitting ability for the overall load trend, the accuracy of the prediction results
decreases during the rapid changes in load, especially from 6-7 and 18—
19, showing limited ability to handle nonlinear load fluctuations. It is worth
noting that the load forecasting method based on federated learning and NAS
can quickly adapt to load changes after model updates at 6-7 and 18-19,
and this characteristic is particularly significant during peak load periods.



A Prediction Optimization Method with Federated Learning 229

This method not only improves the prediction accuracy of complex load
patterns, but also significantly reduces the prediction error during high load
periods. This result validates the superiority of the prediction model combin-
ing federated learning and NAS in distributed systems, especially in dealing
with load forecasting tasks in multi node and heterogeneous environments,
which can effectively improve the system’s adaptability and robustness. This
analysis results indicate that federated learning and NAS technology can not
only improve the accuracy of load forecasting, but also have strong adaptive
optimization capabilities and dynamic scheduling performance, which is of
great significance for further improving the operational efficiency of smart
grids and distributed energy systems.

Figure 4 compares the computational, communication, and storage
energy consumption of centralized scheduling systems, distributed systems
without NAS, and distributed systems based on federated learning and NAS.
Through the stacked bar chart, it can be intuitively seen that the distributed
system based on federated learning and NAS has significantly lower energy
consumption indicators than the other two systems. The total energy con-
sumption of the distributed system based on federated learning and NAS is
740.74 kWh, which saves 260.26 kWh compared to the centralized schedul-
ing system and 110.11 kWh compared to the distributed system without
NAS. This indicates that the method proposed in this paper has significant
advantages in overall energy management and can effectively reduce the
energy consumption of the system. Further analysis of specific energy con-
sumption data shows that the distributed system based on federated learning
and NAS has a computational energy consumption of 400.40 kWh, saving
100.10 kWh and 50.05 kWh respectively compared to centralized scheduling
systems and distributed systems without NAS; In terms of communication
energy consumption, it is 220.22 kWh, saving 80.08 kWh and 30.03 kWh; In
terms of storage energy consumption, it is 120.12 kWh, saving 80.08 kWh
and 30.03 kWh. These data indicate that the method proposed by the present
invention performs well in various aspects of computing, communication,
and storage energy consumption, demonstrating its efficiency and robustness
in practical applications.

From Figure 5, it can be seen that there is a significant difference in
training time among centralized training methods, distributed scheduling
methods without NAS, and distributed scheduling methods based on feder-
ated learning and NAS at different system scales. As the system size (number
of nodes) increases, the training time of various methods shows a significant
nonlinear growth, but there are significant differences in the growth rate of
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different methods. The centralized method concentrates all calculations on
a single node for processing. As the node size expands, the computational
pressure increases sharply, leading to a nonlinear surge in training time.
This method performs well in small-scale systems, but shows significant
inefficiency in large-scale systems, making it difficult to meet the needs of
large-scale distributed systems. The distributed scheduling method without
NAS shows better scalability compared to centralized training methods as
the system size increases. Distributed scheduling can alleviate the compu-
tational bottleneck caused by centralized methods to some extent, but due
to the lack of NAS optimization, the training time is still relatively long.
Especially when the system scale is large, as the number of nodes increases,
the training time increases significantly, indicating the shortcomings of this
method in large-scale applications. Finally, the distributed scheduling method
based on federated learning and NAS demonstrated significant advantages.
Compared to the previous two methods, this method has shorter training
time at various system scales, especially with a significantly smaller increase
in training time compared to the other two methods under large-scale node
counts. This is mainly due to the combination of federated learning and NAS,
which optimizes the network structure and distributed computing mode of
federated learning through NAS, effectively reducing computational load and
improving resource utilization. This method not only improves the scalability
of the system, but also significantly shortens the training time, especially
suitable for large-scale distributed systems.

In summary, Figure 5 shows that centralized training methods have
certain application value in small-scale systems, but exhibit significant



A Prediction Optimization Method with Federated Learning 231

2500 T T T

Traditional
- = - ‘Distributed
2000 | e FL and NAS
I I
I I
I I
I I
1500 - —— 4 ———1——— Fo——m——-——pf——r 5=

1000

Training time (minutes)

o
.
-

10 20 30 40 50 60 70
System scale (number of nodes)

Figure 6 Relationship between training time and system scale.

bottlenecks in large-scale systems; The distributed scheduling method with-
out NAS has improved compared to centralized methods, but there are still
efficiency issues in large-scale node numbers. The distributed scheduling
method based on federated learning and NAS has shown significant advan-
tages in large-scale systems by optimizing model structure and distributed
collaborative learning, and has high practical value and broad application
prospects. This result provides important reference for model training opti-
mization of large-scale distributed systems, and also verifies the effectiveness
of the combination of federated learning and NAS technology in improving
system performance.

From Figure 6, it can be seen that with the increase of load intensity,
there are significant differences in the performance of traditional schedul-
ing methods, distributed scheduling methods without combining NAS and
federated learning, and distributed scheduling methods based on federated
learning and NAS in terms of node failure rate and scheduling fluctuation
range. According to Figure 7(a), from the trend of node failure rate, tra-
ditional scheduling methods show a significant nonlinear upward trend in
failure rate as the load intensity gradually increases. This indicates that the
stability of the system significantly decreases and the risk of node failure
increases significantly when facing complex high load environments, making
it difficult to cope with high load pressures. The distributed scheduling
method that does not combine NAS and federated learning performs better
than traditional methods in terms of node failure rate. Although its failure
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Figure 7 Comparison of the system stability.

rate is lower than traditional methods, it still significantly increases with
the increase of load intensity, indicating its vulnerability at higher loads.
In contrast, distributed scheduling methods based on federated learning and
NAS have shown significant advantages. During the process of increasing the
load intensity from level 1 to level 5, the failure rate of this method remained
at a relatively low level, with a maximum failure rate of only 3.1%. This
indicates that by introducing federated learning and NAS technology, the
system can maintain high stability and fault tolerance in the face of complex
load changes, significantly reducing node failure rates and demonstrating
superior robustness. Based on Figure 7(b), in the trend of fluctuation range in
scheduling, the fluctuation range of traditional scheduling methods increases
significantly with the increase of load intensity. This indicates that traditional
methods significantly reduce the stability and increase volatility of scheduling
systems when faced with high load intensity, making it difficult to provide
stable scheduling performance. Although the scheduling fluctuation range
of the distributed scheduling method without combining NAS and federated
learning is slightly lower than that of traditional methods, the fluctuation
range still increases from 12.1% to 17.8% as the load intensity gradually
increases. This indicates that the method still exhibits significant volatility
under high load intensity, which affects the scheduling efficiency and stability
of the system. Compared with it, the distributed scheduling method based on
federated learning and NAS shows significant stability as the load intensity
gradually increases, with the scheduling fluctuation range only increasing
from 8.1% to 10.3%, and the fluctuation amplitude is the smallest. This
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result indicates that through the distributed collaborative learning of federated
learning and the structural optimization of NAS, the system can maintain
relatively stable scheduling performance under different load intensities, with
a small fluctuation range, and better scheduling efficiency and reliability than
other methods.

6 Conclusion

This paper proposes a distributed renewable energy scheduling and prediction
optimization method and system based on federated learning and neural
architecture search. Through intelligent and adaptive technical means, it
improves the scheduling efficiency and prediction accuracy of distributed
renewable energy systems, while ensuring data privacy and security. The
main conclusions of this paper are as follows:

(1) By introducing federated learning technology into a distributed renew-
able energy scheduling system, it has been achieved that each energy
node can independently train local neural network models without shar-
ing raw data. Ensured the collaborative optimization capability of the
system and effectively addressed the issue of data privacy leakage in
centralized scheduling systems.

(2) By combining NAS technology, the optimal neural network architecture
can be automatically designed to dynamically adapt to the needs and
environmental changes of different distributed energy nodes, greatly
improving the system’s adaptability and robustness.

(3) The combination of federated learning and NAS achieves multi node
collaborative optimization, enabling the system to effectively utilize
computing resources in distributed systems, improve overall scheduling
efficiency, and exhibit stronger adaptability and system robustness in
scenarios with large load fluctuations, significantly better than tradi-
tional scheduling methods.
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