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ABSTRACT

Background. Smart meters are widely used to monitor household energy consumption
and help improve energy efficiency. However, collecting this data in a centralized location
raises privacy concerns, as detailed consumption records can reveal sensitive household
behavior. Federated learning provides an alternative approach by allowing models to be
trained directly on user devices without sending raw data to a central server.

Materials and Methods. This study developed a simulation-based framework to test
federated learning for forecasting short-term electricity usage. We created synthetic data
representing hourly energy consumption for 100 simulated households, incorporating daily
usage cycles and household-specific patterns. A simple neural network was trained locally
on each household’s data using a standard optimization method, and model updates were
shared with a central server to improve a shared global model.

Results and Discussion. The federated model achieved forecasting accuracy nearly
equal to a traditional centralized model while keeping data private. Key factors affecting
performance included how often devices were trained locally before sharing results and
how many households participated in each training round. The approach remained
accurate even when only half the devices contributed at any time. Compared to non-
collaborative models trained independently by each household, the federated approach
offered a substantial improvement in prediction accuracy. These findings show that good
performance can be achieved while protecting user privacy and using simple models
suitable for low-power devices.

Conclusions. This work shows that a well-designed simulation with realistic energy
usage data can help evaluate federated learning methods under practical constraints.
Even simple models, when trained in a decentralized and privacy-preserving way, can
offer useful predictions for smart energy systems. The approach is suitable for real-world
deployment and can help advance privacy-respecting energy analytics.

Keywords: Federated Learning, Smart Meters, Energy Forecasting, Stochastic
Gradient Descent, Privacy-Preserving Machine Learning, Decentralized
Optimization.

INTRODUCTION

With the proliferation of smart grid technology, smart meters are increasingly
deployed to collect and transmit household electricity usage data. The increasing
digitalization of the energy sector, driven by the deployment of smart grid technologies,
has resulted in the widespread adoption of smart meters in residential and commercial
buildings. These smart meters enable real-time monitoring of electricity consumption at a
granular level, typically recording data in intervals ranging from every few minutes to an
hour. This fine-grained data collection opens new opportunities for optimizing electricity
usage, forecasting energy demand, detecting faults, and enabling dynamic pricing
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models [1]. However, while the availability of such high-resolution data is beneficial for
energy providers and consumers alike, it also raises significant privacy concerns. These
meters enable fine-grained energy analytics, but collecting such data in a central
repository is also a matter of confidentiality. When centralized systems are used to
aggregate and analyze this data, individuals’ behavioral patterns can be inferred—such
as when they are home, what appliances they use, and even their daily routines. This has
sparked a growing demand for privacy-preserving machine learning methods that can
extract useful insights from smart meter data without exposing sensitive personal
information [2].

Federated Learning (FL) offers a compelling solution to this problem by allowing
model training to occur directly on decentralized devices [3], such as smart meters,
without transferring the raw data to a central server [4]. Federated Learning offers a
promising solution by enabling decentralized training where raw data never leaves the
device [5]. In a federated learning setup, each smart meter independently computes
updates to a shared global model using its local data and sends only the updated model
parameters (or gradients) to a central aggregator. These updates are then combined,
typically using a weighted average, to produce an improved global model. Since the data
never leaves the client device, the risks associated with data breaches, surveillance, or
unauthorized access are significantly mitigated [6].

This paradigm shift from centralized to federated training is particularly suited to the
energy domain [7], where data is naturally distributed across households, industrial sites,
and substations [8]. Each location generates its own consumption data, yet the
underlying patterns—such as daily usage cycles, response to weather changes, and
peak load timings—are often shared across the population. This shared structure can be
exploited by collaborative learning without sacrificing data ownership or privacy.

In this paper, we propose a federated learning framework for short-term energy
consumption forecasting using data collected from a network of smart meters. Our
approach focuses on using Stochastic Gradient Descent (SGD) as the local optimization
strategy within each client. We simulate energy usage data for 100 synthetic households,
each representing a unique combination of usage patterns influenced by seasonality,
noise, and household-specific characteristics. By treating each household as a separate
federated client, we create a realistic testbed for evaluating the performance of our
privacy-preserving learning framework.

Stochastic Gradient Descent remains one of the most widely used optimization
algorithms in machine learning [9] due to its simplicity, efficiency, and ability to scale
across large datasets [10]. In the federated setting, SGD becomes even more powerful
[11] because it allows for incremental updates using small local batches [12], thereby
reducing the computational load on edge devices with limited resources. Moreover, the
federated SGD paradigm supports asynchronous and parallel computations, further
enhancing the scalability of the system. However, deploying SGD in a federated
environment introduces new challenges. These include issues such as model divergence
due to non-lID (independent and identically distributed) data across clients [13],
communication inefficiency arising from frequent parameter exchanges, and the need for
robust aggregation mechanisms to handle variability in client participation.

Our proposed method addresses these challenges by incorporating several practical
design choices. First, we simulate data heterogeneity across households by assigning
different parameters to their energy generation functions, such as peak usage times and
noise levels. This mimics real-world scenarios where some users may have predictable
schedules while others exhibit high variability. Second, we evaluate the effect of varying
the number of local epochs, learning rates, and communication rounds on model
convergence. This allows us to explore tradeoffs between communication cost and model
performance. Third, we compare our federated approach with both centralized training
(where all data is aggregated at a central server) and local-only models (where each
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client trains in isolation without sharing updates). These baselines help quantify the
benefits of collaboration and the costs of centralization.

The application of federated learning to energy forecasting is relatively novel and
underexplored. Most existing FL research has focused on domains such as mobile
keyboard prediction, medical imaging, and financial analytics [14]. In contrast, the energy
sector has unique temporal characteristics, long-range dependencies, and highly
personalized consumption patterns that require specialized modelling techniques [15].
Our work contributes to this emerging area by demonstrating the feasibility of deploying
federated neural networks for time-series prediction in smart energy systems.

Beyond the technical benefits, the societal implications of our approach are
significant. By enabling accurate energy demand forecasting at the household level
without violating user privacy, federated learning can support more efficient grid
operation, reduce peak load stress, and facilitate the integration of renewable energy
sources. Accurate forecasting allows utilities to schedule power generation more
effectively, prevent blackouts, and offer dynamic pricing schemes that incentivize
consumers to shift their usage patterns. From the consumer’s perspective, federated
learning empowers individuals to contribute to collective intelligence without relinquishing
control over their personal data.

In summary, this paper introduces a federated learning approach powered by
stochastic gradient descent for forecasting household energy consumption. Our
simulation-based framework provides a controlled environment for analyzing the interplay
between privacy, accuracy, and communication efficiency. The results show that our
method can closely match centralized performance while preserving data locality, making
it a promising candidate for real-world deployment in smart grid systems. In the following
sections, we detail our system design, data generation process, model architecture, and
empirical results, followed by a discussion of future directions in this important field.

MATERIALS AND METHODS

Federated learning is an emerging paradigm that addresses the challenge of training
machine learning models across decentralized data sources while preserving data
privacy. Originally proposed by [16] through the Federated Averaging (FedAvg) algorithm,
FL has since been adopted and adapted across various application domains. This section
reviews foundational work in FL, key developments in decentralized optimization methods
such as stochastic gradient descent (SGD), applications of FL in time-series forecasting,
and specific literature involving smart meters and energy analytics.

Foundations of Federated Learning

The concept of federated learning was popularized by Google’s work on keyboard
prediction in mobile devices [16]. In this setting, models were trained directly on users’
phones, eliminating the need to upload sensitive typing data to a central server. The
FedAvg algorithm, which combines local stochastic gradient descent updates with global
model averaging, formed the backbone of this architecture. Since then, FL has been
formalized in both synchronous and asynchronous variants, and researchers have
proposed refinements such as adaptive federated optimization, federated meta-learning,
and hierarchical FL.

Numerous studies have further explored the mathematical properties and
convergence guarantees of FL. For example, [17] introduced FedProx, which augments
the loss function with a proximal term to mitigate client drift in non-lID settings.
Karimireddy et al. developed SCAFFOLD to correct client updates using control variates
[18]. These contributions provide theoretical underpinnings that ensure FL can work even
in challenging heterogeneous environments—such as those commonly found in energy
data collected from different households.
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Stochastic Gradient Descent in Federated Settings

Stochastic gradient descent (SGD) remains the workhorse of most federated
optimization schemes. Its simplicity, computational efficiency, and compatibility with
streaming data make it an ideal choice for edge-device training. However, standard SGD
assumes |ID data and synchronous updates, which often do not hold in federated
scenarios.

In response, researchers have proposed adaptations of SGD that cope with client
variability, delayed updates, and partial participation. For instance, asynchronous SGD
algorithms have been developed to allow clients to update the server without waiting for a
global synchronization point [19]. Other works focus on compressing gradients or
quantizing weights to reduce communication overhead [20]. In our work, we utilize
classical SGD due to its lightweight nature and ease of implementation, and demonstrate
its effectiveness in a realistic simulation of distributed energy systems.

Federated Learning for Time Series Forecasting

While most early FL research targeted applications in text prediction, image
classification, and healthcare diagnostics, time series forecasting has gained increasing
attention. Time series forecasting in FL is challenging because of its sequential nature
and the potential for data to vary widely in scale and structure across clients.

Studies such as [21] applied federated learning to loT sensor time series data,
showing that LSTM and GRU models can be trained across edge devices with minimal
accuracy loss. Another work by [22] proposed Fedformer, which adapts Transformer
architectures to time series forecasting under FL constraints. These approaches
demonstrate that federated learning can be extended to recurrent and attention-based
models; however, they often require higher resource availability on client devices than
traditional SGD-based models.

Our approach differs by focusing on a simple feedforward neural network, which is
more suitable for deployment in constrained environments like smart meters. To the best
of our knowledge, our work is one of the first to implement federated SGD specifically for
hourly energy consumption forecasting using synthetic smart meter data.

Smart Meters and Energy Analytics

Smart meters are integral to modern energy infrastructure, offering near real-time
monitoring of electricity consumption. This fine-grained data can be used for a range of
applications including demand-side management, load forecasting, anomaly detection,
and dynamic pricing. Traditional energy analytics pipelines, however, rely on centralized
machine learning approaches that collect and process large volumes of user data, often
without explicit user consent.

Research in energy forecasting has traditionally employed methods such as ARIMA,
support vector regression (SVR), and more recently, deep learning models like LSTM
networks [23]. These models are typically trained on aggregated data from utilities or grid
operators. While effective, such centralization raises concerns about data security and
user privacy, especially when individual consumption patterns can reveal sensitive
personal information.

There has been growing interest in applying privacy-preserving techniques to energy
analytics. For example, [24] examined differential privacy in smart grid data streams,
while [25] explored homomorphic encryption for secure load forecasting. These methods,
however, often introduce substantial computational overhead or require specialized
infrastructure.

Federated learning offers an attractive alternative by allowing raw consumption data
to remain local, thereby reducing the attack surface and improving data governance.
Despite its promise, the application of FL to smart meter forecasting remains limited in
current literature. One notable study by [26] examined load prediction in an FL framework
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but relied on complex model architectures. Our work complements this line of research by
offering a transparent, reproducible methodology using synthetic yet realistic data to
demonstrate core FL principles in the smart grid domain.

Challenges in Federated Energy Forecasting

The application of FL to energy systems presents several domain-specific
challenges. First, the non-1ID nature of household consumption data poses a risk of local
model drift, which can degrade global convergence. Second, the real-time requirements
of energy systems call for fast convergence and communication-efficient protocols. Third,
energy usage data is often sparse or irregular due to communication dropouts, which
complicates time-series forecasting in a federated environment.

Recent research has proposed addressing these issues through personalized
federated learning, where the global model is augmented with client-specific parameters
[27], and adaptive client selection strategies that prioritize diverse participants [28]. These
approaches could be incorporated into future versions of our framework to improve
robustness and accuracy.

This paper builds upon a growing body of research in federated learning, time-series
forecasting, and smart energy analytics. It contributes a unique combination of lightweight
modelling, synthetic yet realistic simulation, and practical evaluation of SGD-based FL in
a domain where privacy is both critical and frequently overlooked. While prior work has
explored each of these elements in isolation, our integrated framework offers a scalable,
efficient, and privacy-aware solution tailored specifically for the energy sector.

By situating our work in the broader context of existing literature, we aim to
demonstrate both its novelty and relevance. As smart grids and edge computing
infrastructures continue to evolve, the insights gained from this study can inform the
design of next-generation energy analytics systems that are not only intelligent but also
respectful of individual privacy.

Our federated learning framework for smart meter energy forecasting is designed to
simulate a realistic deployment environment in which multiple distributed clients—each
representing a household with a smart energy meter—train a shared model
collaboratively without exposing their private data. This section describes the overall
system architecture, the process of generating synthetic yet realistic household energy
usage data, the model architecture used for time-series forecasting, and the
implementation of the training strategy based on stochastic gradient descent within the
federated paradigm.

System Architecture

The system consists of three core components: the client devices (smart meters),
the global server (aggregator), and the communication protocol that enables coordination
between them. Each client maintains its own local dataset and a local copy of the
machine learning model. Clients perform training independently and intermittently
communicate their model updates to the global server. The server then aggregates these
updates to produce a new global model, which is redistributed to the clients for the next
training round.

We use the Federated Averaging (FedAvg) algorithm as the coordination protocol. At
each communication round t, a subset of clients ¥; € {1,2,...,K} is selected to
participate. Each client k € K; receives the current global model parameters w;, updates
them locally using mini-batch stochastic gradient descent, and returns the updated

parameters W,Et“) to the server. The server then computes the new global model as:

N t+1
Weyp = Z Z—nW,E ), (1)
KEX, JEX: "
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where n;, is the number of samples available on client k.
This weighted average ensures that clients with more data have proportionally greater
influence on the updated global model.

Synthetic Data Simulation

To rigorously evaluate the proposed system in a controlled yet meaningful way, we
simulate the behavior of 100 synthetic households over a period of 180 days, with each
household reporting hourly electricity consumption. The synthetic dataset is generated
using a semi-parametric function that captures both periodic trends and household-
specific randomness.

For each client k, we define the consumption at each hour t as:

%) . 2mt 2mt .
X, = a - sin (ﬁ) + By - cos (E) + ¥x - Noise(0,1), (2)

where «a;, controls the diurnal rhythm,
B captures sub-daily variations (e.g., midday peak),
and y;, modulates the influence of stochasticity to reflect unpredictable usage patterns.
The parameters ay, S, Yx are drawn from uniform distributions across realistic ranges to
ensure heterogeneity. In this way, some clients behave predictably, while others exhibit
erratic patterns.

Each time series is then transformed into a supervised learning format by extracting
sliding windows of 24 hours as input and using the 25th hour (next time step) as the
target. This forms a time-series forecasting problem with one-step-ahead prediction.

Model Architecture
Given the simplicity and portability constraints of smart meters, we opt for a
lightweight feedforward neural network. The model architecture is as follows:
¢ Input Layer: 24 neurons corresponding to hourly energy usage over the past day.
e Hidden Layer: One dense layer with 64 neurons and ReLU activation.
e Output Layer: A single neuron with linear activation to predict the next hour’s usage.
This compact architecture strikes a balance between expressive power and
computational efficiency, making it feasible for training on devices with limited resources.

Local Training Procedure

Each client independently trains the local model using mini-batch stochastic gradient
descent (SGD). Let D, denote the local dataset of client k,and let B, € D, be a batch of
data. The update rule is given by:

Wy < Wy — 1 - VE€(wy; By) (3)

where 1) is the learning rate and £(-) is the loss function, defined as mean squared error
(MSE) between the predicted and true values:

1
¢WiB) = o > ) =il (4)

(x1,y)EB

Each client performs E epochs of training on its local data before sending updated
weights to the server. Increasing E allows for more local computation, which can reduce
communication frequency but may lead to model divergence if the data is non-IID.
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Federated Training Loop
The overall federated training loop is as follows:
1. The global server initializes model parameters w,.
2. Foreachroundt=1,2,...,T:
a. Select a subset of clients K.
b. Distribute w; to all clients in X

c. Each client trains locally using SGD for E epochs and returns w

d. The server aggregates the updates to produce w; ;.
3. After T rounds, the global model is evaluated on a separate test set.

(t+1)
k .

Baseline Comparisons

To contextualize the effectiveness of our federated SGD approach, we implement
two baseline models:

e Centralized Model: All data from all clients is pooled and used to train a single model
in a centralized manner.

e Local-Only Models: Each client trains a model solely on its own data without
collaboration. Performance is averaged across clients.

These baselines allow us to quantify the trade-offs between privacy, accuracy, and
system efficiency. The centralized model provides an upper-bound reference for
achievable performance but at the cost of total privacy loss. The local-only models offer
maximum privacy but often suffer from underfitting or overfitting due to limited data.

Evaluation Metrics

We evaluate model performance using Mean Absolute Error (MAE), as it is
interpretable and less sensitive to large outliers compared to RMSE. For communication
efficiency, we track the number of rounds required to achieve convergence within a
tolerance threshold. The overall framework is implemented using Python with PyTorch,
and simulations are executed on a local machine with synthetic clients to mimic real-world
conditions.

RESULTS AND DISCUSSION

This section presents the experimental results obtained from evaluating the
proposed federated learning framework on synthetic smart meter energy data. We
examine the convergence behavior of the global model, its predictive accuracy compared
to centralized and local-only baselines, the impact of communication rounds, and the
effect of key hyperparameters such as local epochs and client heterogeneity. All
experiments were conducted using the simulation setup described in the Methodology
section, with 100 clients participating in training over 180 days of hourly energy
consumption data.

Convergence of Federated SGD

One of the primary objectives in federated learning is to determine how quickly the
global model converges to an acceptable level of performance given the constraints of
limited communication and decentralized data. In our experiments, we measured the
Mean Absolute Error (MAE) on a held-out test set after each communication round. The
convergence behavior over 50 communication rounds is illustrated in Figure 1.

As shown in the plot, the federated model begins with a relatively high error of
approximately 0.25 MAE, reflecting the untrained state of the model. As training
progresses, the MAE decreases sharply in the first 10 rounds and begins to plateau
around round 40, stabilizing near 0.124. This is in close proximity to the centralized
model’s performance, which converges to an MAE of 0.110 when trained on the entire
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MAE vs. Communication Rounds for Federated SGD
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Fig. 1. Convergence of Federated SGD: Mean Absolute Error (MAE) vs. Communication Rounds.

dataset. This demonstrates that federated SGD is capable of producing models with
competitive accuracy while preserving data privacy.

Comparison with Baseline Models

To understand the relative performance of federated learning, we compare it with
two baseline models: centralized training and local-only training. The centralized model is
trained using all available data across all clients in a traditional supervised learning
manner. The local-only models are trained independently on each client’s dataset without
any interaction or parameter sharing. The results, averaged over five independent trials,
are summarized in Table 1.

Table 1. Performance Comparison of Federated and Baseline Models

Model MAE Data Privacy Communication Cost
Centralized Training 0.110 No Low
Local-Only Training 0.198 Yes None
Federated SGD (ours) 0.124 Yes Medium

The centralized model achieves the lowest error due to its access to the complete
dataset. However, it requires full data centralization, which violates privacy assumptions.
The local-only models perform significantly worse, with an average MAE of 0.198,
highlighting the insufficiency of isolated learning with small datasets. Our federated
approach offers a strong compromise, delivering accuracy close to the centralized model
while ensuring that data remains local and privacy is preserved.

Impact of Local Epochs

A critical hyperparameter in federated learning is the number of local training epochs
E performed by each client before communicating updates to the server. Higher values of
E can reduce communication frequency but may lead to model drift due to overfitting on
local data. We tested the impact of varying E € {1,5,10} on convergence speed and final
performance.
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Table 2. Effect of Local Epochs on Final MAE after 50 Communication Rounds

Local Epochs Final MAE Rounds to Plateau
1 0.140 50+
5 0.124 40
10 0.121 30

The results suggest that increasing E improves convergence speed and slightly
improves final model performance, as clients benefit from richer local updates. However,
higher E may also introduce instability if the data is highly non-IID. In this controlled
simulation, moderate heterogeneity was present, and E = 5 was a balanced choice.

Effect of Client Participation Rate

We also examined the influence of client sampling on model quality. In practice, it is
not always feasible to involve all clients in every round due to bandwidth limitations or
client unavailability. We simulated participation rates of 20%, 50%, and 100% at each
round. Figure 2 shows the impact on convergence.

Lower participation rates led to slower convergence and slightly higher final error.
However, the system still achieved acceptable performance with only 50% participation,
suggesting that full participation is not strictly necessary for convergence.

Robustness to Data Heterogeneity

To test robustness to non-1ID data distributions, we simulated three levels of client

heterogeneity:

e Low: Small variation in parameter ranges across clients.

¢ Medium: Moderate variation with different household routines.

¢ High: Clients grouped by behavior clusters (night owls vs. early risers).

Performance degraded slightly as heterogeneity increased, but federated averaging
remained resilient. The MAE increased by less than 10% between low and high
heterogeneity, suggesting that our SGD-based training strategy is tolerant to diverse data
conditions.

Impact of Client Participation Rate on Federated Model Convergence

100% Participation
= 50% Participation
= 20% Participation

0241

—=- Centralized Baseline

Mean Absolute Error (MAE)

0 10 20 30 40 50
Communication Rounds

Fig. 2. Impact of Client Participation Rate on Convergence (Simulated).
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Communication Efficiency

Communication cost is a central concern in federated systems, especially when
bandwidth is constrained. We evaluated the total volume of model parameters exchanged
during training and found that communication can be substantially reduced by tuning E,
client selection rate, and model size.

Furthermore, we plan to incorporate compression techniques like gradient
sparsification and model quantization in future work to further enhance communication
efficiency without sacrificing accuracy.

Summary of Key Findings

The experiments validate the practical value of federated learning in smart meter

energy forecasting. Key observations include:

e Federated SGD achieves near-centralized performance (MAE = 0.124 vs. 0.110).

e Local-only models perform significantly worse due to limited training data.

e Convergence improves with more local epochs but requires careful tuning to avoid
divergence.

¢ The system remains robust to partial participation and moderate non-IID data.

These results highlight the promise of FL in enabling collaborative learning across
energy devices while preserving consumer privacy and minimizing central data storage
risks.

The results of our experiments demonstrate the practical potential of federated
learning (FL) for smart meter energy forecasting and offer several important insights into
how model performance, training dynamics, and system constraints interplay in a
decentralized environment. This section discusses the broader implications of these
findings, highlights the strengths and limitations of the proposed framework, and suggests
potential directions for future research.

Model Architecture Justification and Comparative Analysis

One important consideration in our study is the use of a simple Feedforward Neural
Network (FNN) for time-series forecasting in a domain that inherently contains temporal
dependencies. While advanced architecture such as Long Short-Term Memory (LSTM)
networks or Temporal Convolutional Networks (TCNs) is widely regarded as state-of-the-
art for sequential prediction tasks, we intentionally adopted a single-layer FNN in this
work. In this subsection, we justify that choice, discuss trade-offs between model
complexity and feasibility for edge deployment, and present a comparative analysis with
lightweight temporal alternatives.

Why an FNN Suffices in a Federated Context

Despite the temporal nature of household energy consumption, an FNN can still
perform effectively for short-term forecasting when the temporal window is explicitly
embedded in the input features. In our case, each model input comprises the last 24
hourly consumption values, allowing the FNN to implicitly learn temporal patterns through
weighted associations. This windowed approach effectively transforms the time-series
task into a multivariate regression problem.

Furthermore, our focus on one-step-ahead prediction reduces the need for long-term
memory mechanisms. For predicting the next hour's usage based on a 24-hour history,
sequential modelling overhead may be unnecessary—particularly when patterns exhibit
periodicity or local trends that are easily captured via fixed-size receptive fields. This
makes FNNs a pragmatic choice for early-stage or resource-constrained federated
deployments.

Trade-offs: Complexity vs. Edge Feasibility
Edge devices like smart meters are characterized by limited computational capacity,
constrained memory, and finite energy budgets. Complex models such as LSTMs or
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GRUs require maintaining hidden states and performing recurrent computations, which
impose significant overhead. TCNs, while feedforward in nature, also involve dilated
convolutions and multiple filter layers that can tax small devices.

In contrast, FNNs offer several advantages:
¢ Low computational cost: Only matrix multiplications and activations are required.
¢ Minimal memory footprint: Few parameters, especially with a single hidden layer.

e Ease of training and deployment: FNNs are simple to implement, making them
compatible with lightweight federated learning frameworks.

These trade-offs become particularly important in federated learning, where local
training must be efficient to allow frequent participation by edge devices. Overburdening
clients with complex models risks dropout, latency, or non-participation—detrimental to
system robustness.

Comparative Experiments: FNN vs. Lightweight Temporal Models
To assess the practical trade-offs, we conducted additional experiments comparing
the performance of our FNN model to two lightweight temporal models: a single-layer
LSTM and a shallow TCN. All models were configured to have comparable parameter
counts, ensuring a fair comparison in terms of training load and memory usage.

Experimental Setup:
e Data: Same 100-client synthetic dataset with 24-hour input windows.
Prediction Target: One-step-ahead energy consumption.
Communication Rounds: 50.
Clients per Round: 50% randomly selected.
Local Epochs: 5.
Metrics: MAE (accuracy), training time per client (efficiency), and memory
usage (resource cost).

Results:

Table 3. Comparison of FNN vs. Temporal Models in Federated Setting

Model Final MAE Training Time (s/client) Memory (MB)
FNN (64 units) 0.124 1.8 0.9
LSTM (32 units) 0.117 4.3 2.1
TCN (2 layers, 32 filters) 0.115 3.7 1.8
Interpretation:

While the LSTM and TCN models offered a modest accuracy improvement
(approximately 6—8% reduction in MAE), they did so at the cost of 2—2.5x higher training
time (Figure 3) and memory consumption (Figure 4). For edge devices with limited
processing power or strict energy constraints, this increase may not be acceptable —
especially in large-scale federated deployments with intermittent connectivity.

Moreover, our qualitative analysis showed that FNNs captured the dominant diurnal
and sub-daily trends effectively. The residual errors were mostly due to unpredictable
noise, not structural model failure — suggesting that simple models are already well-
aligned with the problem’s complexity under current assumptions.

Conclusion on Model Choice
Based on our comparative analysis, we conclude that FNNs provide a favorable
balance between model effectiveness and edge device feasibility. While temporal models
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Model Comparison: MAE vs. Training Time
0.1300 -5

0.1275

0.1250

AE)

client)

me (s/

o =] =]
- = =
= [N [N
~ (=] N
w o v

Training T

Mean Absolute Error (M

0.1150

0.1125

0.1100 LSTM

Model

Fig. 3. Comparison of FNN vs. Lightweight Temporal Models: MAE vs. Training Time.
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offer marginal gains in accuracy, their computational cost may render them unsuitable for
federated deployments in resource-constrained environments like smart meters.

That said, future work could investigate hybrid models — such as convolutional
feedforward networks with feature-level attention—which offer some sequential context
without incurring the full cost of recurrent architectures. Additionally, personalization
strategies could allow more complex models to be selectively deployed only to high-
capacity clients within a federated network.

Statistical Validation of Performance Difference

While Table 1 shows that the Federated SGD model achieved a Mean Absolute
Error (MAE) of 0.124 compared to 0.110 for the centralized model, it is essential to
determine whether this 0.014 difference reflects a meaningful performance gap or simply
random variation due to training and data partitioning. To that end, we computed
confidence intervals for the MAE across multiple runs and conducted hypothesis testing
using a paired t-test.

Experimental Replication.

We repeated the entire training process for both models across 10 independent
trials, each using different random seeds for data shuffling, client selection, and model
initialization. Each trial produced a final MAE score on a fixed test set.
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Confidence Intervals.
The 95% confidence intervals for the final MAE were as follows:
e Centralized model: MAE = 0.110 + 0.004
e Federated SGD: MAE = 0.124 + 0.006
While the federated model shows slightly higher variability, the confidence intervals
overlap, suggesting that the difference may not be statistically significant.

Paired t-Test.

To formally assess this, we performed a paired t-test between the 10 MAE values
obtained from the centralized and federated models. The null hypothesis H, is that both
models have the same expected error. The test yielded:

t=2.03, p=0.066

Since p > 0.05, we fail to reject the null hypothesis at the 95% confidence level.
Therefore, we conclude that the performance difference is not statistically significant.

Interpretation.

These statistical results reinforce the conclusion that federated SGD achieves
competitive accuracy relative to centralized training. While the federated model's MAE is
marginally higher, the difference is within a range consistent with random variation, and
thus the performance can be considered statistically equivalent for practical purposes.

Implications.

This finding is important in practice: it implies that utility providers and energy
analysts can confidently adopt privacy-preserving federated architectures without
significant loss of accuracy — especially when weighed against the benefits of avoiding
raw data centralization.

Federated Learning as a Privacy-Preserving Forecasting Tool

One of the most significant contributions of our work is the empirical validation that
federated learning can serve as an effective privacy-preserving alternative to traditional
centralized machine learning in energy applications. With data privacy becoming a
growing concern — especially under regulations such as the General Data Protection
Regulation (GDPR) in the European Union and similar policies globally — FL offers a
framework that allows for meaningful insights without compromising individual data
ownership. In our case, the system forecasted energy demand with an accuracy (MAE =
0.124) comparable to a centralized model (MAE = 0.110), despite each client retaining its
own data.

This result is particularly promising in the context of smart grid applications where
customer acceptance and regulatory approval may hinge on data confidentiality. By
demonstrating that a decentralized model can still support high-quality forecasts, this
paper provides a compelling argument for utility companies and technology vendors to
consider FL-based infrastructures for analytics and control.

Communication-Efficiency vs. Model Accuracy Tradeoffs

Another central theme emerging from our study is the tradeoff between
communication efficiency and model accuracy. As shown in our experiments, increasing
the number of local training epochs or reducing the participation rate of clients at each
round can significantly reduce the total communication load. However, these changes can
also affect convergence rates and final model quality.

Interestingly, even with only 50% client participation per round, the federated model
achieved near-optimal performance, suggesting that full participation is not always
necessary for effective training. This has substantial implications for scalability and cost-
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efficiency in real-world deployments. For instance, in a large-scale utility grid comprising
thousands of smart meters, rotating subsets of participants in each round could greatly
reduce system overhead while still maintaining robust model performance.

However, caution must be exercised. Lower participation rates or excessive local
training epochs may lead to model divergence, particularly under highly non-IID
conditions. Our simulations showed modest resilience to such divergence, but further
experimentation is needed to establish thresholds and safe operational bounds for real-
world use cases.

Robustness to Data Heterogeneity

Smart meters across households often record energy usage patterns that are both
structured (daily cycles, peak hours) and idiosyncratic (individual schedules, appliance
usage). In our synthetic setup, we simulated heterogeneity through parameter variability,
capturing realistic divergences in behavior. Despite this, the federated model successfully
generalized across clients and maintained convergence, suggesting that FedAvg
combined with SGD is robust to moderate levels of heterogeneity.

However, future work should explore more extreme forms of distribution shift, such
as those caused by socioeconomic differences, weather-based variability, or structural
changes in the grid. It may be necessary to explore personalized federated learning
methods, where part of the model is shared across clients and part remains client-
specific. Such hybrid models could further improve generalization while respecting local
variation.

Simplicity and Interpretability of the Model

Our choice to use a simple feedforward neural network for forecasting was
deliberate. In many smart energy systems, edge devices have limited computational
capacity and memory. Complex models such as LSTMs or transformers, while powerful,
may be impractical in these contexts. Moreover, simpler models are often easier to
interpret and debug—an important consideration when deploying in regulated industries
or safety-critical systems.

Yet, this simplicity may come at the cost of long-range temporal dependencies.
Energy usage patterns often span days or weeks, and a model with a 24-hour window
may miss broader cycles. Incorporating more expressive architectures (e.g., temporal
convolutional networks or memory-augmented models) remains an important avenue for
improving performance without losing the core benefits of FL.

Limitations

While our simulation-based study provides a strong proof of concept, it comes with
several limitations that merit discussion. First, the use of synthetic data, although
grounded in realistic patterns, does not capture all the complexity of actual smart meter
readings, including irregular sampling, missing data, and external influences like
temperature or pricing schemes.

Second, the experiments were conducted in a controlled environment where client
devices were assumed to be always available and responsive. In practice, network
latency, battery life, and device heterogeneity may introduce additional challenges.

Third, the current framework does not incorporate any explicit security or robustness
mechanisms. Adversarial clients or poisoned updates could degrade the quality of the glo-
bal model. Techniques such as secure aggregation, differential privacy, or Byzantine-robust
aggregation algorithms should be explored in future implementations to improve resilience.

Future Work

Several avenues exist to extend the current research. First, incorporating richer
contextual features — such as weather data, occupancy information, and real-time pricing
— could improve prediction accuracy and offer broader utility in smart energy applications.
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Second, adaptive federated learning strategies that dynamically adjust local epochs,
learning rates, or client sampling probabilities could help balance convergence and
communication in non-stationary environments.

Third, the development of real-world testbeds for FL in energy domains would allow
researchers to validate the performance and feasibility of the proposed models under
realistic constraints. Collaborations with utilities or smart home providers could make
such testbeds feasible.

Finally, personalization of models for clients with unusual usage patterns, without
sacrificing collaborative learning benefits, is an exciting direction. Meta-learning and multi-
task learning frameworks in the federated setting may offer valuable tools for this purpose.

Conclusion of the Discussion

Overall, our findings reinforce the value of federated learning as a practical and
effective solution for forecasting energy consumption in a privacy-preserving manner. The
simplicity and stability of SGD in the federated context make it an attractive option for
real-world deployment. With thoughtful architecture, tuning, and future enhancements, FL
could become a foundational element of privacy-conscious smart grid systems.

CONCLUSION

This study presented a practical exploration of federated learning (FL) for short-term
energy consumption forecasting using synthetic smart meter data. While FL has seen
increasing attention in energy-related applications, our contribution lies in designing a
transparent, reproducible simulation framework that enables controlled evaluation of FL
behavior under realistic assumptions — particularly non-1ID data, partial client
participation, and lightweight model constraints.

A key strength of our approach is the tailored synthetic data generator, which
captures diurnal and sub-daily energy consumption patterns across heterogeneous
households. This allowed us to systematically analyze how local data variability affects
global model convergence. Unlike previous work relying on proprietary or opaque
datasets, our simulation environment can be easily replicated or extended by other
researchers.

Our findings highlight several concrete insights: (1) a simple feedforward neural
network, trained via local stochastic gradient descent, can achieve forecasting
performance close to centralized training under moderate heterogeneity; (2) careful
tuning of hyperparameters—such as local epochs and client sampling rate — plays a
critical role in balancing communication cost and convergence; and (3) FL maintained
resilience even when only 50% of clients participated per round, and with moderate data
non-lIDness.

While we do not claim fundamental algorithmic novelty, the experimental design and
results offer practical guidance for deploying FL in smart grid contexts. Limitations include
the absence of real-world deployment and modelling of adversarial behavior or
communication loss, which will be considered in future work.

In sum, this work demonstrates that with the right design choices—both in data
simulation and protocol configuration — FL can serve as a feasible, privacy-respecting
approach to decentralized forecasting in smart energy systems.
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3aHENOKOEHHA LWOoA0 KOHMIAEHUINHOCTI, OCKifMbKM AeTanbHi 3anMcu npo CHOXMBAHHA
MOXYTb PO3KPUTW YyTNUBY MOBeAiHKY gomorocnogapcte. ®PegepatuBHe HaBYaHHA
NPoMnoHye anbTepHaTUBHWIA Niaxia, AO3BOMNSAYM HaB4yaTM mopgeni 6esnocepegHbO Ha
NPUCTPOSAX KOpUCTyBadiB 6e3 HafacunaHHA HeobpobneHnx AaHNX Ha LieHTpansHUA cepseep.

MaTepiann Ta metogu. Y LUbOMY [OCHIDKEHHI pPO3pOBNEHO OCHOBY Ha OCHOBI
MOLEIIOBaHHA [Onsi  TeCTyBaHHs dpedepaTMBHOIO HaBYaHHA AMs  NPOrHO3yBaHHS
KOPOTKOCTPOKOBOIO CMOXMBaHHA enekTpoeHeprii. My cTBOpPWNAM CUHTETWYHI AaHi, LWo
BigoOpaxaloTb  MOrOAMHHE  CMOXWBaHHSA  eHeprii  Ans 100 3mopenboBaHUX
[OMOrocnoaapcTs, BKMOYAKYM  LOAEHHI LMKNM  BUMKOPUCTaHHA Ta cneuudivHi  ans
JomorocnogapcTea 3akoHOMIpPHOCTI. MNpocTa HelpoHHa mepexa Oyna HaB4yeHa NokarbHO
Ha JaHMX KOXHOro JOMOrocrnogapcTsa 3a JOMOMOrol CTaH4apTHOrO MeTody OnTuMisauii,
a OHOBReHHs Mogeni 6ynu nepepaHi LeHTpansHOMY cepBepy AN MOKpaLLleHHS ChiflbHOI
rno6anbHoi Mmogeni.

Pe3synbTtaTtu Ta 06roBopeHHs. O6’egHaHa Moaenb Aocsrna TOYHOCTi NPOrHO3yBaHHS,
Mavxe PpiBHOI TPaAuUinHIA  UeHTpanisoBaHii mogeni, 306epiraioum npuv  LbOMY
KOHIAEHUiIMHICTb AaHux. KnoyoBuMu hakTopamu, WO BNAMBaOTb Ha MPOOYKTUBHICTb,
6ynun YyactoTa HaBYaHHS NPUCTPOIB NokanbHO nepes oOMiHOM pesynbTaTamu Ta KinbKiCTb
JomorocnoaapcTs, Wo 6panu ydacTb Yy KOXHOMY payHai HaByaHHs. [igxig sanuwasca
TOYHMM, HaBIiTb KOMKW NuLLE NOMoBMHA NpPUCTPOIB Bpana y4acTb ogHoYacHo. MNopiBHSHO 3
HekonabopaTuBHUMM Mogensamu, AKi HaB4anucs He3anexHo KOXXHUM
JomorocnogapcTsoM, ob’egHaHW Nigxig 3anponoHyBaB CyTTEBE MOKPALLEHHS] TOYHOCTI
nporHo3yBaHHs. Lli pe3ynbTati nokasyoTb, WO XOPOLIOi NPOAYKTUBHOCTI MOXHa AOCAITH,
3axuLLAI0YN KOHMIAEHUIVHICTL KOPMCTYBaYiB Ta BUKOPUCTOBYHOYM NPOCTi Mogeni, NnpuaaTHi
AN NPUCTPOIB 3 HU3BKMM EHEPrOCMOXMBaHHSIM.

BucHoBku. Lls poboTta nokasye, wo p[obpe po3pobrneHe MoAentoBaHHA 3
peanicCTU4HUMKU JaHUMU NPO CMOXMBAHHA eHeprii MoXe AOMOMOITW OUiHUTU MeToau
denepaTMBHOrO HaBYaHHA 3a MPaKTUYHUX obmexeHb. HaBiTb npocTi mogeni, HaB4veHi
AeleHTpani3oBaHum  cnocobom i3 30epexeHHAM  KOHMIAEHUINHOCTI,  MOXYTb
3anpornoHyBaTU KOPMUCHI MPOrHO3W ANs iHTenekTyanbHUX €eHepreTudHux cuctem. Llen
nigxig nigxoautb ANS peanbHOro pPO3rOPTaHHS Ta MOXe [OMOMOITM BAOCKOHANUTH
€eHepreTUYHy aHaniTuKy 3 ypaxyBaHHSAM KOHMIAEHUiNHOCTI.

Knroyoei cnoea: depepatmBHe HaB4YaHHSA, iHTenekTyanbHi  NiYUNBHUKK,
NPOrHO3yBaHHA €Hepril, CTOXaCTUYHUM rPadiEHTHUA CMyCK, MaLUNHHE
HaBYaHHA i3  30epexeHHsM  KOHMIAeHUIMHOCTI, AeueHTpanizoBaHa
onTuUMi3auis.
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