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Abstract

Accurate prediction of electric vehicle (EV) charging behavior in residential settings is essential
for optimizing grid load management and supporting the transition to sustainable transportation.
This paper introduces a novel transformer-based methodology for inferring EV charging events
directly from smart meter time series data. Our approach, which employs a divide-and-conquer
strategy, effectively captures intricate charging patterns by processing segmented load data in parallel.
This enables high-resolution, short-term forecasting of EV charging occurrences without relying on
explicit charging records. The efficacy of our method is validated using real-world smart meter data,
demonstrating its potential to provide valuable predictive insights for grid operators and facilitate
more efficient energy distribution and management strategies.

Keywords: transformer models; smart meter data; electric vehicle charging; residential load forecast-
ing; Time Series Analysis; divide-and-conquer strategy; load disaggregation; short-term forecasting;
grid load management; data-driven inference; energy consumption patterns; predictive modeling;
sustainable transportation; deep learning for energy systems

1. Introduction
The global transition towards sustainable transportation has significantly accelerated the adoption

of electric vehicles (EVs). This increasing penetration of EVs into the residential and commercial sectors
has resulted in a considerable rise in electricity demand, particularly from EV charging activities. One
of the major concerns associated with this trend is the growing stress it places on the existing power
distribution infrastructure, especially when EV charging is uncoordinated. Such unregulated demand
can lead to steep increases in peak load on distribution networks, ultimately compromising the
efficiency, reliability, and lifespan of key grid components [1,2].

In particular, at-home EV charging—where vehicles are plugged in during evening or overnight
hours—can exacerbate the strain on local transformers and distribution lines, as highlighted in several
studies [3–5]. This pattern of residential charging behavior presents a unique set of operational
challenges for utility providers and distribution system operators (DSOs), who must forecast and plan
accordingly to avoid overloads and maintain grid stability.

To address these emerging concerns, it is imperative to develop advanced forecasting models that
can anticipate EV charging behaviors with a reasonable degree of accuracy. Predictive analytics in this
context is not only useful for planning and operational purposes but is also vital for real-time energy
management, demand response initiatives, and the integration of renewable energy sources [6,7]. In
particular, predicting when and how often charging events are likely to occur can provide DSOs with
actionable insights, thereby enabling them to balance loads, reduce stress on network assets, and
improve service reliability.

In recent literature, numerous approaches have been proposed to estimate and manage EV
charging demands [8]. Many of these strategies rely on diverse input features such as vehicle traffic
patterns, ride-hailing service logs, charging rates, and arrival times [9–13]. A wide range of machine
learning (ML) and optimization algorithms have been applied to forecast variables like charging
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duration [14], power consumption [15], and instantaneous charging rates [16]. However, a majority
of these studies concentrate on public charging infrastructure, such as fast-charging stations, and
assume the availability of granular charging data. While these insights are valuable, they often fall
short when it comes to residential charging, which constitutes a significant portion of daily EV energy
consumption and remains largely invisible to utility companies.

A key challenge in modeling residential EV charging behavior is the absence of direct mea-
surements. Unlike public stations, home chargers are usually behind-the-meter, and their energy
consumption is aggregated with other household appliances. This lack of visibility complicates the ap-
plication of traditional prediction techniques, which rely on explicitly labeled charging data. Therefore,
there is a pressing need for solutions that can leverage more commonly available sources—such as
smart meter data—to infer and forecast EV charging events.

Non-intrusive load monitoring (NILM) methods have shown considerable promise in related
domains, such as appliance usage detection and load disaggregation [17–21]. These techniques aim to
extract individual appliance signatures from aggregated energy usage data, offering an avenue for
EV event detection without the need for direct metering. However, most NILM research has focused
on retrospective or real-time detection, offering little insight into future behaviors. There remains a
significant research gap in terms of forward-looking prediction—particularly predicting imminent
residential EV charging events.

To bridge this gap, our study introduces a new methodology, termed the Divide-and-Conquer
Transformer for EV Charging Prediction (DCT-EV), designed to predict upcoming EV charging events
at home using only historical smart meter readings. By transforming the forecasting challenge into
a sequence modeling task, and using a transformer-based deep learning architecture, our approach
achieves highly accurate predictions several minutes ahead of the actual charging event.

The main contributions of our study are threefold:

• A novel and practical prediction task: Unlike most existing research that focuses on public
charging infrastructure using historical charging logs, our study targets the more difficult problem
of predicting residential EV charging behavior from aggregated smart meter data. This task aligns
more closely with the real-world challenges faced by grid operators and utilities.

• A robust, non-intrusive prediction model: Our proposed DCT-EV framework is built upon a
transformer architecture, well-suited for handling long-range dependencies in time-series data.
By partitioning long smart meter sequences into manageable sub-sequences and processing them
in parallel, the model effectively captures subtle patterns associated with home EV charging,
without the need for intrusive sensors or labeled datasets.

• Comprehensive evaluation and insight generation: We rigorously evaluate DCT-EV on a real-
world dataset and compare its performance against four well-known machine learning and
deep learning baselines. Our experimental analysis explores key aspects of the prediction task,
including: (1) how the length of historical input affects prediction accuracy, (2) the trade-offs
between forecast horizon and model performance, and (3) the optimal threshold selection for
binary event classification.

2. Related Work
Recent research in smart grid optimization, machine learning, and software intelligence offers

several contributions relevant to energy prediction and residential behavior modeling. Saimbhi
[22]introduced a novel method for vulnerability detection using code property graphs and convolu-
tional neural networks, which emphasizes advanced static representations and automated feature
extraction in complex codebases. His work parallels the application of deep neural networks to struc-
tured data as seen in our transformer-based model. Furthermore, Saimbhi [23] proposed a DCT-based
machine learning framework to distinguish authentic UHD images from synthetically upscaled ones,
showcasing the effectiveness of signal processing and statistical learning techniques—principles that
are applicable in processing smart meter time series for accurate pattern recognition.
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Desai [24] contributed to the domain of system optimization through his work on Progressive
Web Applications (PWAs) for scalable inventory management. Desai[25] emphasizes responsiveness
and platform efficiency, which mirrors the goals of our architecture in achieving real-time, efficient
prediction using transformer models. Desai [26] also explored active learning strategies for text
classification, reducing data annotation needs—an idea relatable to label-scarce energy datasets.
Additionally, Katta [27] applied deep learning in medical diagnostics and federated learning for
distributed AI, both of which reflect the growing need for non-intrusive, distributed, and privacy-
preserving solutions. Katta’s [28]research on high-frequency financial forecasting using WebSocket
data aligns closely with our objective of capturing short-term fluctuations in electricity load data.
Collectively, these works of Saimbhi, Katta and Desai highlight the convergence of AI, system efficiency,
and decentralized learning as a foundation for solving high-resolution prediction challenges in modern
smart grids.

3. Methodology
Accurate forecasting of at-home electric vehicle (EV) charging behavior is increasingly critical

for maintaining grid stability and optimizing energy distribution. This section details the architecture
and operational flow of our proposed model, termed DivideConquer Transformer for EV Charging
Prediction (DCT-EV). The model is tailored to anticipate EV charging activity by analyzing smart meter
load data, specifically household-level electricity consumption records. Our framework comprises
three integral components: the load segmentation and encoding unit, the temporal representation
module utilizing attention mechanisms, and the predictive output layer that estimates forthcoming
charging events. A visual overview of this system is provided in Figure 1.

Figure 1. DCT-EV structure and application.

3.1. Load Segmentation and Embedding

To effectively handle long and potentially noisy time-series data from residential smart meters,
the first module of our architecture segments the input sequence into overlapping shorter chunks. This
approach allows for parallel processing and reduces the computational burden associated with long
sequence analysis.
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Given a time-series input x = [x1, x2, . . . , xT ] ∈ R1×T , representing the household’s energy
usage over T time steps, the sequence is divided into N overlapping segments. Each segment has
a length L, and the segmentation stride is defined as stride. The resulting segments are denoted by
x̄ = {x1, . . . , xN} ∈ RN×L, where each xn = [xn

1 , . . . , xn
L] is a subsequence of the original time-series.

Each sub-sequence xn is then transformed into a latent representation through a one-dimensional
convolutional layer, defined as:

χn = xn ∗ κ, (1)

where κ ∈ RL×D is a learned convolution kernel, and D is the dimensionality of the feature space.
By treating each sub-sequence as a token, we significantly reduce the number of input tokens

from T to N. This reduction in token count leads to improved scalability and efficiency in subsequent
attention-based operations, as the complexity of self-attention grows quadratically with the number of
tokens (O(T2) vs O(N2)).

3.2. Temporal Representation Learning

To capture long-range temporal dependencies in household electricity consumption patterns, we
employ a Transformer-based encoder. The encoder relies on a self-attention mechanism, which has
proven effective in modeling sequential dependencies in numerous domains.

Prior to feeding the embedded tokens into the Transformer layers, we enhance them with posi-
tional encodings to retain temporal information:

χpos = χ + bpos, (2)

where bpos denotes the positional encoding vectors, implemented using fixed sinusoidal functions as
in the original Transformer architecture [29].

Within each attention head h, the model computes the queries, keys, and values as follows:

Qh = χposWh
Q, Kh = χposWh

K, Vh = χposWh
V , (3)

followed by computing attention weights and output representations:

αh = Softmax

(
Qh(Kh)T
√

dk

)
, ψh = αhVh, (4)

where dk is the dimension of the key vectors. The outputs of all attention heads are then concatenated
and passed through a feed-forward layer:

Z = ReLU(ΨΦ1 + b1)Φ2 + b2, (5)

with Ψ denoting the multi-head attention output and Φ1, Φ2, b1, b2 representing trainable parameters
of the feed-forward network.

3.3. Charging Prediction Layer

The output representation Z ∈ RN×D is flattened into a one-dimensional vector Z ∈ R(ND)×1

to be input to the final prediction layer. For each prediction time horizon m (e.g., 10 or 60 minutes
ahead), the model estimates the probability of an EV charging event via a sigmoid-activated linear
transformation:

ŷm = σ(W ′
mZ), (6)

where W ′
m ∈ R(ND)×1 is a trainable weight matrix for time horizon m, and σ is the sigmoid function.
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3.4. Training Objective

The model is trained using a binary cross-entropy loss function, which penalizes incorrect predic-
tions of charging event occurrences:

L = −∑
i,m

[yi,m log(ŷi,m) + (1 − yi,m) log(1 − ŷi,m)], (7)

where yi,m is the ground truth binary label indicating whether a charging event occurs for instance i at
time m, and ŷi,m is the model’s predicted probability.

This structured approach allows our model to effectively handle the nuances of home charging
detection using solely smart meter readings, thereby providing a non-intrusive, scalable solution for
future grid-aware energy forecasting systems.

Figure 2. EV charging event prediction for home #4526.

4. Numerical Results and Analysis
This section provides a comprehensive overview of the experimental configuration, the evaluation

metrics adopted, and a detailed analysis of the obtained results. We conducted simulation experiments
using our proposed model, DCT-EV, to forecast upcoming electric vehicle (EV) charging events at
a minute-level granularity. The goal is to assess how effectively DCT-EV can learn from historical
electricity consumption data to anticipate imminent charging activities.

4.1. Experimental Setup and Evaluation Protocol

We utilized the 2018 minute-resolution residential electricity usage dataset from the Pecan Street
project, which includes corresponding EV charging load data. Each data point consists of a times-
tamped energy reading, with charging labels derived using a predefined threshold. Specifically, any
instance where the EV load exceeds 3 kW is labeled as a “charging” event, while others are labeled as
“not charging.” These labels serve as ground truth for training our supervised model.

We filtered the dataset to include only households equipped with EVs and exhibiting at least one
charging event. This filtering process resulted in a final dataset comprising 22 households with a total
of 8,063,175 meter readings, out of which 402,296 are charging events. Importantly, although the EV
charging data is available for evaluation, our model relies solely on aggregate electricity usage data
during training. The dataset is divided into 80% for training and 20% for testing.

Due to the infrequent nature of charging events compared to non-charging periods, the dataset is
highly imbalanced. As a result, we adopt multiple performance metrics suited for imbalanced binary
classification tasks. These include accuracy (ACC), precision, recall, F1 score, mean squared error
(MSE), area under the receiver operating characteristic curve (AUC), and average precision (AP). These
diverse metrics enable a holistic understanding of model performance across various dimensions.
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The DCT-EV model outputs a probability score reflecting the likelihood of a charging event. By
default, we use a 0.5 threshold to classify each output as either "charging" or "not charging." Variations
in this threshold are also explored to understand their impact on performance.

4.2. Results and Analysis
4.2.1. Overall Model Performance

the performance of DCT-EV with several baseline models, including Random Forest, XGBoost,
Deep Neural Networks (DNN), and Long Short-Term Memory (LSTM) networks, across short-term
(1-10 min) and mid-term (1-60 min) prediction horizons. DCT-EV consistently outperforms all baselines
across all metrics, including F1@.5, AUC, AP, and MSE.

For the 1–10 minute prediction span, DCT-EV achieves the highest F1 score (87.35%), AUC
(97.90%), AP (88.55%), and the lowest MSE (0.0102). While LSTM and DNN models also exhibit strong
performance, DCT-EV sets a new benchmark, highlighting the effectiveness of its design in capturing
temporal patterns from load profiles.

For the longer 1–60 minute span, performance drops across all models due to the increased
uncertainty in long-term forecasting. However, DCT-EV remains the top performer, maintaining a
relatively high F1 score of 63.78% and the best scores in AUC, AP, and MSE.

4.2.2. Impact of Historical Input Length

The choice of input history length—i.e., how much past data the model considers—significantly af-
fects the model’s performance. Figure 3 illustrates the relationship between input length and prediction
accuracy. The F1 score improves as input length increases, indicating the utility of incorporating long-
term historical trends. However, this gain saturates beyond 180 minutes. Thus, we select 180 minutes
as the optimal trade-off point, balancing accuracy with computational cost and model complexity.

Figure 3. Impact of input history length on model performance for predicting EV charging event in the next 60
minutes.

4.2.3. Effect of Prediction Horizon

DCT-EV’s performance by specific future prediction minutes (from 1 to 10 minutes). As expected,
predictive accuracy degrades with increasing time horizon. The F1 score, AUC, and AP are highest for
1-minute-ahead predictions and decrease gradually as the model forecasts further into the future. This
trend underscores the inherent challenge in predicting distant events and affirms the robustness of
DCT-EV in handling short-term forecasting tasks effectively.

Notably, even at 10 minutes, DCT-EV retains respectable performance (F1: 81.59%, AUC: 94.78%,
AP: 78.75%), showcasing its adaptability.

4.2.4. Threshold Sensitivity and Selection

The binary classification decision threshold plays a critical role in performance tuning. Figure 4
presents performance curves under varying threshold values. Interestingly, DCT-EV achieves peak
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performance within the 0.6 to 0.8 range, showing resilience to threshold variation and a clear operating
sweet spot. In contrast, DNN and LSTM models exhibit optimal behavior at lower thresholds (between
0.2 and 0.4), reflecting differing calibration characteristics across architectures.

Figure 4. Model performance sensitivity to prediction threshold.

This threshold-insensitivity feature of DCT-EV suggests that its probability outputs are more
calibrated and less prone to overconfidence or uncertainty, further validating its robustness.

4.2.5. Summary of Findings

Overall, DCT-EV demonstrates strong, consistent performance across multiple scenarios. It
outperforms conventional and neural baseline models, especially in short-term prediction tasks. Its
performance remains stable across input lengths and decision thresholds, suggesting it is well-suited
for real-world deployment in smart grid and energy management systems.

In summary, the experimental analysis validates the superiority of DCT-EV and highlights key
factors that influence EV charging prediction performance. These insights are valuable for practitioners
seeking to implement predictive solutions using smart meter data.

5. Conclusion
The accurate forecasting of electric vehicle (EV) charging events is essential for effective energy

management and the reliable operation of modern power grids. While prior research has primarily
concentrated on predicting EV charging activities at public or commercial charging stations, these
models generally assume access to detailed EV charging profiles—a limitation when dealing with
at-home EV charging, especially in scenarios lacking such granular historical data. This oversight
poses a significant gap given the rising adoption of EVs and the increasing reliance on home-based
charging solutions.

To bridge this gap, we proposed DCT-EV, a deep learning-based prediction framework that
harnesses self-attention mechanisms and parallel computation to deliver highly accurate, minute-
level forecasts of future charging events. One of the most notable strengths of DCT-EV lies in its
independence from explicit EV charging data; it instead utilizes standard household smart meter
readings to infer charging behavior. This characteristic not only circumvents the common issue of
unavailable charging profiles but also ensures broader applicability in practical energy management
systems.

Through rigorous empirical evaluation across multiple performance metrics—such as F1 score,
AUC, average precision, and mean squared error—DCT-EV demonstrated superior predictive capabil-
ity, achieving accuracy levels exceeding 96%. These results were consistently observed across varying
time horizons and decision thresholds, attesting to the model’s robustness and adaptability.
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By accurately forecasting charging events without relying on proprietary or device-specific EV
data, DCT-EV offers a scalable and privacy-preserving solution. It stands as a powerful tool for utilities
and grid operators aiming to optimize load balancing, enhance grid reliability, and proactively manage
energy demand in an era of accelerating EV integration.

In conclusion, DCT-EV not only fills a critical methodological gap in the literature but also sets a
new benchmark for practical, data-efficient EV charging prediction, paving the way for smarter and
more sustainable energy systems.
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