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Deep learning predicts real-world electric
vehicle direct current charging profiles and
durations

Siyi Li1 , Mingrui Zhang 1, Robert Doel 2, Benjamin Ross 2 &
Matthew D. Piggott1

Accurate prediction of electric vehicle charging profiles and durations is cri-
tical for adoption and optimising infrastructure. Direct current fast charging
presents complex behaviours shaped by many factors. This work introduces a
deep learning framework trained on 909,135 real-world sessions, capable of
predicting charging profiles and durations from minimal input with uncer-
tainty estimates. The model initiates predictions from a single point on the
power and state-of-charge profile and incrementally refines them as new
observations arrive, enabling real-time updates. The model generalises across
vehicle types and charging scenarios. It achieves 90% accuracy in predicting
charging duration froma single point, and 95% accuracywith an absolute error
under one minute using six points within five minutes. This work shows that
using readily available input data at charge time enables accurate prediction of
charging behaviour and offers a practical, scalable solution for deployment,
energy planning, and infrastructure reliability.

The electrification and decarbonisation of transportation are critical
components of the global strategy towards combating climate change,
reducing greenhouse gas emissions and promoting more sustainable
energy solutions. Central to this effort are electric vehicles (EVs) with
lithium-ion batteries (LiBs), which have become increasingly viable due
to rapid technological advancements and increasing cost efficiency1–3.
In 2023, electric car sales comprised approximately 20% of total car
sales worldwide, and projections for 2024 indicate that EV market
share will increase to over 11% in the United States, 25% in Europe, and
45% in China4. Despite these promising trends, the widespread adop-
tion of vehicle electrification depends on the simultaneous develop-
ment of accessible, reliable and affordable public charging
infrastructure. The IEA’s Announced Pledges Scenario (APS) projects
that the global number of public charging points will exceed 25million
by 2035, a sixfold increase relative to 2023, which is expected to
facilitate the transition to electric vehicles formass-market consumers.
This expansion is crucial because the lack of adequate charging
infrastructure remains a significant barrier to EV market growth and a
major source of consumer anxiety, affecting the perceived flexibility
and convenience of EV use4–8.

Direct current fast charging (DCFC) stations play an important
role in addressing range anxiety and facilitating long-distance travel
by significantly reducing charging times. Capable of charging an
EV battery from 20 to 80% in just 20 to 30 minutes under ideal
conditions, DCFC stations are indispensable for drivers needing
quick recharges during long trips or those without home charging
access9. The deployment of DCFC infrastructure is essential for
increasing EV integration, particularly in urban environments and
along major transportation corridors where high traffic volumes
demand rapid charging solutions. However, the complex dynamic
nature of the charging profiles and the resulting fluctuations in
power demand present challenges in station management and grid
integration, complicating their incorporation into the electric mobility
ecosystem.

The accurate prediction of charging profiles can enhance user
experience by providing accurate estimates of charging durations, as
well as providing real-time information on charger availability
and expected wait times. For EV fleet managers in various sectors,
including public transportation, emergency services, logistics, or
mining, this capability facilitates real-time decision-making for vehicle
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deployment, thereby improving operational efficiency and reducing
idle time10–12. Moreover, charging profile prediction could help grid
operators better estimate the total energy demand for each charging
session, enabling more accurate forecasting of electricity demand and
more efficient management of grid resources. This capability can also
potentially benefit Vehicle-to-Grid (V2G) technologies by better
determining when and howmuch energy can be drawn back from EVs
to support the grid during peak demand, thereby enhancing grid sta-
bility and optimising energy use13,14.

Recent advances in data-driven modelling of lithium-ion battery
systems have increasingly addressed challenges associated with
random, scarce, and heterogeneous data using sophisticated
machine learning techniques15–19. These studies, often based on real-
world datasets, have achieved strong performance in tasks such as
state-of-health estimation, lifetime prediction, and retired battery
sorting, and represent meaningful progress toward the development
of robust and generalisable battery analytics. By contrast, research
specifically focused on predicting EV charging profiles remains
comparatively limited. Existing work in this area has largely relied on
relatively small datasets, often collected under laboratory or semi-
controlled conditions using instrumented cells or proprietary bat-
tery management system (BMS) data20–24. Such data are frequently
tied to specific vehicles and may not be publicly accessible due to
design constraints and privacy concerns specific to original equip-
ment manufacturers (OEMs), which limits the broader applicability
and scalability of these approaches. Moreover, while the use of real-
world EV data is becoming more common, it has predominantly
been applied to tasks such as state-of-health estimation, fault
detection, or lifetime prediction25–29, rather than to the forward-
looking task of charging profile prediction, despite its relevance for
smart charging, range forecasting, charger utilisation planning, and
energy services.

The success of deep learning in various domains, such as com-
puter vision30, natural language processing31, drug discovery32,33, wind
energy34–36 or climate and weather forecasting37,38, underscores the
potential of these techniques to address complex predictive tasks
when supported by large-scale, high-quality datasets. In this context,
thiswork introduces adeep learning framework that is built on909,135
real-world DCFC charging sessions, encompassing a wide variety of EV
models and charging scenarios.

In this work, a deep learning workflow is presented for pre-
dicting EV DC fast-charging profiles in real-world settings,
demonstrating reliable performance while prioritising practicality
and ease of deployment through the exclusive use of data that is
readily available and accessible at charge time. The proposed
work flow comprises an anomaly detection model that identifies
irregular charging behaviours, potentially stemming from mal-
functioning charging infrastructure or vehicle-related anomalies,
and a charging profile prediction model that can generate pre-
dictions from as little as a single data point on the power/state-of-
charge charging profile, while also offering uncertainty estimates
and dynamically updating predictions in real time as charging
progresses and more data becomes available. The developed
models were tested in a real-world operational scenario with
previously unseen charging data collected from a period later
than the training data; results showed that the model can accu-
rately predict real-world EV DCFC charging profiles and their
associated charging times, even with minimal inputs. Specifically,
the model achieves 90% relative accuracy in predicting charging
time with a single point, and 95% relative accuracy and absolute
error of less than one minute with six points collected in five
minutes or less. This work demonstrates the efficacy of deep
learning models in predicting EV charging profiles using minimal
input data while emphasising the practicality of the proposed
workflow.

Results
DC fast charging complexities and challenges with designing
predictive models
Accurately predicting the charging profile, defined as the charging
power as a function of the EV battery state-of-charge (SoC), of real-
world EV DCFC sessions is inherently challenging due to the com-
plexity and variability of the charging process and the multitude of
influential factors involved. The same EV tends to exhibit different
charging behaviourswhen the charging process is initiated at different
SoCs or with connectors of different power ratings, with the batteries
generally charging faster at lower SoCs and slowing down significantly
when approaching full capacity. The temperature of the battery also
plays an important role in the overall charging speed, with lower
temperatures often leading to reduced charging rates. Moreover, the
different EV models each with particular constraints imposed by the
vehicle’s hardware and battery management systems (BMS), often
exhibit remarkably distinct charging profiles. Many other factors,
including the battery state-of-health (SoH), different connector types,
and grid conditions, also affect the charging profile.

To effectively analyse and comprehend these diverse charging
behaviours, it is crucial to employ an extensive dataset that encom-
passes the variability in charging patterns across various conditions
and EV models. In this work, a carefully curated dataset of 909,135
high-quality DCFC charging sessions with minimal missing data was
chosen for analysis, from charging data collected from 612 different
DCFC chargers located in northwestern Europe between November
2021 and July 2024. Each session includes time series data for state-of-
charge and charging power, as well as detailed information including
connector power rating, connector type, sessionduration, total energy
delivered, and the geographical location of the charging station.

An overview of the DCFC charge curve dataset used in this work is
presented in Fig. 1. This comprehensive dataset includes a diverse
range of real-world EV charging profiles collected from numerous
makes and models, charged with connectors rated from 50kW up to
360 kW. Figure 1d shows that while stations with higher power ratings
are predominantly utilised by EVs with larger battery capacities, there
are also many cases where large-battery EVs use connectors rated
below 75 kW, and EVs with capacities under 50kWh use connectors
rated above 300 kW. As evident in Fig. 1e, there is substantial variability
in charging sessions both in terms of the percentage of SoC added and
the corresponding session duration, which limits direct comparison
with laboratory references. The majority of sessions begin between
10% and 60% SoC and end near full capacity (at least 80%), but the
dataset also includes a significant number of shorter top-up events.
These different charging habits likely reflect diverse user preferences
and requirements. Some drivers charge close to full capacity out of
range anxiety, while others interrupt charging earlier due to time
constraints or perceptions of battery health. Charging duration is
equally varied, ranging from just over 10 minutes for brief top-ups to
more than an hour when charging close to full capacity. It can be
clearly observed that charging slows markedly as the battery approa-
ches full, with sessions targeting more than 90% SoC taking much
longer than those ending between 80 and 89%, even from the same
starting point. Sessions resulting in less than a 10% change in SoCwere
excluded from the analysis.

Complementary insight is provided by Fig. 2, which focuses on
representative charging profiles. Figure 2a shows reference DC char-
ging curves for several EV models measured under ideal laboratory
conditions at Shell Technology Center. In these profiles, supplied
power typically increases or remains constant until a threshold SoC is
reached, after which it progressively declines to zero. Different
vehicle–battery systems exhibit characteristic behaviours at different
rated connector powers. Figure 2b illustrates how real-world profiles
differ: each subplot represents charging by a single anonymous user
with the same connector type and power rating but under different
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ambient temperatures. Even for one EV, charging patterns are highly
variable, depending on factors such as starting SoC and external
conditions.While battery temperature itself is not recorded at stations,
ambient temperature at the charging location and time was obtained
from ERA5 reanalysis data39 and used as a proxy. The influence of
temperature is evident, with colder conditions producing slower
charging. The extended collection period and wide geographical dis-
tribution of stations captured sessions across a broad climatic range,
from −14 °C to 35 °C.

The analysis of the DCFC dataset indicates that an ideal pre-
dictive model for EV charging profiles should possess several key
capabilities. It should be able to generalise across different EV
models as well as support different connector types and power rat-
ings. The model should be able to capture the effects of influential

variables such as starting SoC, battery capacity and environmental
conditions on charging behaviour, while relying only on inputs that
can be readily obtained by the charging station in a practical manner.
Additionally, it should also be able to efficiently process large, noisy
real-world datasets and handle charging profiles of varying lengths.
In order for it to have more practical application, the model should
also be able to make reliable predictions with minimal input data and
to make real-time updates to its predictions as new data is received.
Furthermore, it must be able to effectively manage uncertainties
related to various factors, including types of EV and BMS, battery
SoH, and grid conditions, which are factors that are not directly
observable or accessible at charge time. This work presents a deep
learning framework specifically designed to meet these criteria,
offering a practical solution for predicting charging profiles that
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Fig. 1 | The dataset utilised in this work encompasses a wide variety of electric
vehicles (EVs) with different battery capacities, chemistries, and battery
management systems (BMS), capturing charging behaviour under real-world
and often sub-optimal conditions. a The geographic distribution of the charging
stations fromwhich the charge curve dataset was collected. Stations located in the
Netherlands didnot report cumulative energy delivered and are thereforeexcluded
from thequantitative analyses in panels (b–e).bAdiverse arrayof charging stations
with rated connector power ranging from 50kW to 360 kW are included in the
dataset, with the primary connector types being Type 2 Combined Charging Sys-
tem (CCS) and CHAdeMO. c Most charging sessions analysed in this study origi-
nated fromGreat Britain and Germany, with fewer than 1% of sessions coming from
the Netherlands. The dataset was collected from 2011 to 2024, and covers a large

range of sessions with various levels of delivered energies and connector power
ratings. It should be noted that these describe only the subset of data examined
here and should not be taken as representative of Shell’s overall charging opera-
tions. d The distribution of estimated battery capacity across different connector
power ratings. Violin plots show the data distribution (kernel density), with
embedded box plots indicating the median (centre line), interquartile range (box
limits), and whiskers (1.5 × interquartile range). e The percentage of sessions as a
function of starting and stopping state-of-charge (SoC), as well as the average
session duration of these sessions. Note that for plotting purposes, these are
computed from a fraction of the dataset due to minor inconsistencies in recorded
starting or stopping SoC values in some sessions.
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dynamically adapts to real-time data while addressing the uncer-
tainties inherent in EV charging scenarios.

Anomaly detection and time series forecasting with β-varia-
tional autoencoder and temporal fusion transformer
The deep learning workflow is designed for seamless integration with
real-world deployment, with the model inputs consisting of anon-
ymised information from charging stations. It contains two main
components, a β-VAE-based anomaly detection model and a charging
profile prediction model. Input charging profile data are structured as
multivariate time series of charging power and SoC, augmented with
static covariates including starting SoC, connector power rating,
connector type, estimated EV battery capacity, and ambient tem-
perature. While the anomaly detection model requires complete
charging profiles to establish normative behaviour, the prediction
model operates on partial profiles during real-time deployment,
enabling adaptive forecasting. The static covariates selected are

readily accessible: the charger provides information on starting SoC as
well as connector type and power rating. Battery capacities of the EVs
canbe estimated dynamically by the charger as charging progresses or
could be obtained through image recognition used to identify the EV
model, while ambient temperature could be directly measured. How-
ever, in this work, battery capacities were estimated using the total
energy delivered during each session and the total change in SoCs,
while ambient temperatures were obtained from ERA5 reanalysis data
as described above. It is important to note that although the workflow
is optimised for the inclusion of estimated EV battery capacity and
ambient temperature, it remains capable of delivering reliable results
without these features, with only a slight reduction in accuracy. Fur-
ther details are provided in Supplementary Fig. 6. An illustration of the
proposed workflow, the anomaly detection model, and the charging
profile prediction model are shown in Fig. 3.

Large-scale real-world EV charging data are inherently noisy and
inevitably contains spurious or corrupted measurement data, poten-
tially rooting from a large number of sources, including connector
misfits, firmware interruptions, charger malfunctions, data recording
errors, or issues within the EV itself. While downstream predictive
models must be robust to typical noise in real-world data, clearly
abnormal sessions could lead to biases during both training and
inference if not properly addressed. As these faults are not explicitly
labelled in practice, a beta-variational autoencoder (β-VAE)-based
anomaly detection model is trained on the complete set of full char-
ging profiles in order to filter out spurious sessions and limit the
influence of outliers. The β-VAE model is detailed in Fig. 3b, and was
trained to learn a compressed latent representation of normal char-
ging profiles by minimising both the reconstruction loss and the
Kullback-Leibler (KL) divergence loss. After training, each session is
assigned a reconstruction-error score quantifying its conformity to the
learned manifold, abnormal charging profiles are then detected as
instances where the reconstruction loss exceeds a statistically derived
threshold, signalling deviations from standard charging behaviour.
Instances of detected abnormal charging sessions are presented
in Fig. 4a.

Following outlier removal via the anomaly detection model, the
charging profile prediction model was trained on the filtered dataset
with a self-supervised learning approach,which involves predicting full
charging profiles from partially available data, with varying segments
of the charging profile intentionally concealed during training. This
training strategy allows the model to handle inputs with arbitrary
amounts of missing data, providing the model with the capability of
making predictions with inputs as minimal as a single point on the
charging profile, and adjusting its predictions in real-time as new
charging data becomes available, as shown in Fig. 4b. Additionally, the
use of the quantile loss function enables the model to generate
probabilistic predictions that are crucial for anticipating a wide range
of potential charging behaviours with limited input, enhancing the
model’s robustness and deepening the understanding of diverse
charging scenarios. Figure 4b also demonstrates the model’s ability to
manage prediction uncertainty in complex charging profiles, where
the predictions’ quantile ranges effectively capture the variability in
potential outcomes. It should be noted that the examples shown
representmore challenging chargingprofileswith relatively high initial
uncertainty that decreases as more data becomes available. Model
performance tends to be significantly better in simpler, more common
cases, where the quantile ranges are often much narrower, even with
minimal input data.

Regarding the model architectures, both the anomaly detection
model and the charging profile prediction model incorporate com-
ponents from the temporal fusion transformer (TFT), which is a state-
of-the-art time-series forecasting model originally developed by Lim
et al.40. In both models, the static covariates are not only utilised as
inputs but also encoded as context vectors to influence temporal

a

b

Fig. 2 | Comparison between controlled laboratory and real-world electric
vehicle direct current fast charging profiles. a Reference charging profiles of Kia
e-Niro, BMW iX3, Volkswagen ID.3 Pro, and Audi Q4 e-tron measured in controlled
laboratory sessions under ideal charging conditions of ambient temperature of
30 °Cwith Combined Charging System (CCS) chargers of different rated connector
powers.b Each subplot represents the charging profiles of a single anonymous user
(and likely the same EV) using the same connector type and power rating under
different environmental ambient temperatures. The sampled charging profiles
demonstrate that real-world charging patterns are highly diverse and irregular, and
dependent on many factors including starting SoC and ambient temperature.
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dynamics. The integration of variable selection networks enables
adaptiveweightingof thesecovariates, effectively learning toprioritise
the most significant variables and also enhancing model interpret-
ability. In the anomaly detection model, reversible instance normal-
isation (RevIN) layers address distributional shifts in charging profiles,
ensuring consistent feature scaling across diverse sessions41. Addi-
tionally, sequence-to-sequence long short-termmemory (LSTM) layers
in both models capture sequential dependencies in the time series
data. Multi-head attention layers in the charging profile prediction
model allow it to focus adaptively on different parts of the input
sequences, further improving both interpretability and predictive
power31.

Time to reliable prediction operationally post-plug-in
Abnormal sessions were identified through reconstruction errors in
the top percentile of the distribution and through cases where
reconstructed charging durations exceeded actual values by more
than 15 minutes. The temporal criterion specifically addresses patho-
logical cases where power measurements transiently drop to zero,
typically indicating sensor faults or disconnection events, which could
artificially inflate predicted charging times and unfairly penalisemodel
performance. The exclusion of these anomalous sessions ensures that
training and evaluation reflect only physically plausible charging
behaviour while preserving the overwhelming majority of statistically
meaningful data. This minimal exclusion of 9334 (1.02% of the full
dataset) was carefully selected to remove only clear outliers without

affecting the underlying data distribution. Following this anomaly
exclusion step, the charging profile prediction model was trained on
the filtered dataset and subsequently evaluated on two independent,
previously unseen test sets. The first test set consists of con-
temporaneous sessions collected within the same time frame as the
training data, whereas the second test set comprises sessions collected
immediately following the period over which the training data was
collected, and was designed to simulate real-world operational con-
ditions and assess themodel’s predictive performance in a near-future
context. Distributional differences between the training and test sets
are quantified and visualised in Supplementary Figs. 3 and 4 using
latent representations from the β-VAE model.

The performance of the charging profile prediction model is
detailed in Fig. 5. All results reported correspond to an ensemble
model constructed by taking a weighted mean of predictions from
three independently trained instances of the TFT model, each initi-
alised with different random seeds and data splits. Although the best-
performing individual model achieved slightly higher accuracy on
certain metrics, the ensemble was selected for analysis as it provides
greater robustness and is more representative of typical model beha-
viour under varied conditions. Training and validation loss curves for
the individual training runs of the TFT model are detailed in Supple-
mentary Fig. 2.

The model’s proficiency in both predicting the charging profiles
and estimating the corresponding charging times is evaluated for the
two test sets and reported in Fig. 5a, where the median predicted
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Fig. 3 | Overview of the developed deep learning framework. a A high-level
illustrationof theAI-based system fordirect current fast charging (DCFC).Charging
session data are continuously collected from charging stations, aggregated on
cloud servers, and delivered to high-performance computing (HPC) platforms for
large-scale model training. The resulting trained models are deployed via cloud
servers to provide real-time charging profile and time predictions, together with
anomaly detection. b A schematic of the beta-variational autoencoder (β-VAE)-
based anomaly detectionmodel, which identifies irregularities in charging sessions

by reconstructing the original power/state-of-charge (SoC) charging profile and
evaluating the associated reconstruction error. RevIN denotes reversible instance
normalisation, and long short-term memory (LSTM) is used for sequence model-
ling. c A schematic of the probabilistic charging profile prediction model, which
predicts the quantiles of a full charging profile frompartial inputs. Gated linear unit
(GLU), gated residual network (GRN) and variable selection network (VSN), are key
architectural components of the anomaly detection and chargingprofile prediction
models, with additional details provided in Supplementary Fig. 1.

Article https://doi.org/10.1038/s41467-025-65970-y

Nature Communications |        (2025) 16:10921 5

www.nature.com/naturecommunications


charging profiles and their associated charging times are compared
against ground truth values. It can be seen that while the model per-
formed marginally better in test set one than in test set two, the dif-
ference is relatively small. Overall, the model achieved an average
relative accuracy of approximately 90% for both test sets when char-
ging time is predicted from a single input point. The corresponding
mean absolute error of less than 2.5 minutes is reported separately in
Supplementary Fig. 5. This value is the lower bound of the model’s
performance in predicting charging time using relative error, with
performance alsoassessedusing absolute-errormetrics suchasMAE in
charging time and charging curve accuracy across input lengths from 1
to 15 points. Accuracy increases progressively as more data becomes
available, and even this lower-bound accuracy can enable oper-
ationally useful actions such as anticipating charger availability,
assessing session completion within certain time windows, and

providing early completion time estimates to drivers. Even with this
minimal input, the model demonstrated significant predictive power
and explained 91% of the variance in charging time predictions, as can
be seen in Fig. 5b. As the number of known points on the charging
profile increases, the model is able to adapt quickly and update its
predictions, improving its accuracy in predicting charging profiles and
charging times while narrowing its estimation of uncertainties. As
shown in Fig. 5c, d, the proportion of sessions with high prediction
uncertainties decreases sharply from 15% with a single input point to
less than 2% when five or more points on the charging profile are
available. The prediction for a session is deemed uncertain if the dif-
ference in charging time between the 10% and 90% quantile predic-
tions exceeds 20 minutes or 50% of the median predicted charging
time. With six known points on the charging profiles, which corre-
spond to five minutes of charging or less, 90% of sessions in both test

increasing number of known points (n) on the charging profile

a

b
n=1 n=10 n=20 n=30

Fig. 4 | Results from the anomaly detection and charging profile prediction
models. a Examples of irregular power/state-of-charge (SoC) charging profiles
detected by the anomaly detection model, with reconstruction errors within the
top 1% or where the computed charging time from the reconstructed charging

profile differed from the ground truth bymore than 15min. bQuantile predictions
for three sessions (top, middle, bottom rows) from the charging profile prediction
model using varying numbers of known points on the charging profile as input.
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sets achieve more than 90% accuracy in predicting charging time.
When 15 points are known on the charging profile, only 1.45% of ses-
sions fall below 90% accuracy in charging time prediction, and just
0.79% fall below 80%.

It should be noted that while the charging profile data are logged
by chargers at regular intervals of one minute, depending on the
provider, the machine learning model is designed to update its pre-
dictions in an event-drivenmanner, specifically when the reported SoC

increases by at least 1%, reflecting the integer precision defined by the
Open Charge Point Protocol (OCPP) standard. Many operators com-
monly use a 60-second logging interval to balance data volume and
utility, but this setting is configurable. For instance, busier or critical
sites could report more frequently to enable more accurate predic-
tions. Since DC fast charging is highly non-linear, the timing of these
SoCupdates is irregular and varies across sessions. Figure 5e shows the
median elapsed time required to accumulate a given number of SoC
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points. Early in the charging process, multiple SoC updates are typi-
cally observed within a few minutes, while in later stages, longer
durations are requireddue to reduced chargingpower. This results in a
variable effective temporal resolution, governed by the charging
dynamics rather than fixed time intervals. In practice, model updates
may occur every minute in the early stages of a session, enabling the
model to make timely and increasingly accurate predictions as more
data becomes available. As the charging rate slows and updates
become less frequent, the model’s predictions have typically already
converged, reducing the urgency for further refinement. Figure 5f
shows the distribution of absolute errors, while relative errors are
presented in Supplementary Fig. 5c. It can be observed that when the
number of input points is low, the model is marginally biased towards
underestimating charging time. As more data is received, the model
consistently refines and improves prediction accuracy. The distribu-
tions of both relative and absolute errors become increasingly narrow,
with the vast majority of sessions ultimately achieving a prediction
error of within ± 5% and an absolute error of less than oneminute. It is
worth noting that sessions that consistently exhibit high uncertainty,
regardless of the number of input points, may indicate abnormal
charging behaviour that was not filtered out by the anomaly detection
model. This persistent uncertainty detected during operational infer-
ence time can serve as a real-time feature for flagging anomalies to
customers, thus providing an additional layer of anomaly detection
during the model’s deployment.

Model-derived insights into real-world charging behaviours
A more transparent interpretation of the inner workings of machine
learning models could provide valuable insights into EV DC charging
behaviours. This is accomplished by interpreting the anomaly detec-
tionmodel through visualisation of the learned low-dimensional latent
embeddings and examining the charging profile prediction model by
analysing the influence of static covariates on its predictions. To focus
on more representative charging sessions, the real-world charging
data were first screened and compared against a set of reference
charging profiles. The reference curves, generated through experi-
ments conducted by Shell under controlled laboratory conditions,
encompass a diverse range of EV brands, models, connector power
ratings, connector types, and ambient temperatures. A curve-
matching software implemented by Shell was used to identify the
closest matches between the real-world profiles and the reference
curves. Around 15 thousand charging profiles with more than 60 data
points and exhibiting a strong match with a reference curve were
subsequently compressed into latent representations by the β-VAE
encoder, projected onto a 2D place using t-distributed stochastic
neighbour embedding (t-SNE), and visualised in Fig. 6a. Distinct clus-
ters emerge within the latent space, with EVs of the same brand and
model generally grouped closely together. By clustering real-world
charging sessions with similar reference profiles, the β-VAE encoder
effectively preserves the relationships defined by the curve-matching
process and captures meaningful patterns in the data. The grouping
for Nissan Ariya/Leaf is less obvious, due to overlapping reference
profiles with other brands, as detailed in zoomed-in views of selected
clusters shown in Fig. 6b. With the introduction of RevIN layers in the

β-VAE model, it successfully groups together charging profiles that
share the same shape but differ in scale, as demonstrated by the uni-
fied clustering of Volkswagen ID.3 Pro and Pro S charging sessions.
This scale-invariant behaviour arises from RevIN’s ability to normalise
input dynamically across sessions, allowing the latent space to prior-
itise shape-related features over absolutemagnitude,which is essential
when dealing with heterogeneous charging infrastructure and battery
capacities.

Figure 6c presents both a baseline comparison and an ablation
study of model architecture. The TFT achieves the lowest normalised
MAE among all models, outperforming recurrent neural networks
(RNN), gated recurrent units (GRU), LSTM and the vanilla Transformer
when evaluated on a combined dataset of test sets one and two. To
isolate the contributions of key architectural components, two
reduced variants are evaluated: removing themulti-head attention and
feed-forward linearmodules yields the variable selection network plus
LSTM (VSN-LSTM), while removing the recurrent components reduces
the model to a pure Transformer. The superior performance of TFT
over both simplified variants indicates that attention and recurrence
provide complementary advantages for learning meaningful repre-
sentations of charging profiles. Given the self-supervised nature of the
task and the variability in input sequence lengths, comparison with
traditional statistical learning approaches is not applicable, as such
methods typically assume fixed-length feature vectors and supervised
targets. TFT was evaluated across three independent random seeds
and data splits, despite the computational cost of 72 NVIDIA A100GPU
hours per training run. This robustness check was applied selectively
to this model to validate the stability and generalisability of its per-
formance, whereas the baselines were evaluated once under fixed
conditions for efficiency.

The role of static covariates in the charging profile prediction
model is examined through a series of feature ablation studies, with
results shown in Fig. 6d. These experiments assess the model’s per-
formance when trained with all five static covariates compared to
versions in which specific covariates are removed. The findings indi-
cate that removing either estimated battery capacity or ambient
temperature slightly degrades predictive accuracy, particularly when
the model is given limited time series input. The effect is more pro-
nounced for estimated capacity, which provides crucial contextual
information in the early stages of a charging session. However, asmore
temporal data become available, theperformancedifferences between
the full and ablated models diminish considerably. This suggests that
static covariates are especially valuable for early predictions, com-
pensating for the absence of sufficient time-dependent structure, but
their marginal contribution decreases as the charging profile becomes
more fully observed. Additional methodological details regarding
these ablation studies are provided in Supplementary Fig. 6. To better
understand how the model internally prioritises these inputs, the
relative importance of the five static covariates was examined using
the variable selection networks (VSNs) embedded within the TFT
architecture. These networks dynamically assess and weight static
features at inference time, suppressing irrelevant or redundant inputs
while amplifying those most predictive for a given session. Figure 6e
shows the distribution of relative importance scores across the

Fig. 5 | Performance evaluationof the chargingprofile predictionmodel,where
the model’s median predictions were compared to ground truth charging
profiles and times.Charging timeswere calculated basedon either the completion
of the charging session or reaching 80% SoC, whichever came first. Analysis was
confined to sessions with a strictly greater than 15% change in SoC. a The charging
profile prediction model’s performance on predicting the power-SoC charging
profile and charging time for different numbers of known points of the charging
profile as input, evaluated on the two test sets. Normalised mean absolute error
(MAE) was computed as the MAE of predicted power normalised by connector
power rating. Box plots show the median (centre line), mean (triangles),

interquartile range (box limits), and whiskers (1.5 × the interquartile range).
b Scatter plot with density overlays comparing median predicted charging times
against ground truth across different numbers of input points. The results combine
data fromboth test sets. cThe accuracy rangesof the test set sessions, evaluatedon
both test sets. d The percentage number of uncertain sessions for different num-
bers of input points across both test sets. e The median time required to accu-
mulate a specific number of points on the charging profile, with error bars
representing the interquartile range. f Distribution analysis of absolute errors in
predicting charging time, across varying numbers of input points on the charging
profile, incorporating results from both test sets.
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dataset. All five covariates are found to contribute meaningfully to the
prediction task. On average, estimated capacity emerges as the most
influential static feature, followed by connector power rating. The
importance of starting SoC shows considerable variability across ses-
sions, with higher weights typically assigned to more extreme starting
SoC values. In contrast, ambient temperature and connector type

generally play less prominent roles, though their influence remains
non-trivial. It is important to note that these relative importance values
reflect the internal priorities of the model rather than an intrinsic
rankingof physical relevance. Covariateswith lower importance scores
may have effects that are more predictable, more subtle, or captured
indirectly through correlations with time series features. Moreover,

a

c

e f

b

d

Fig. 6 | Interpretations of the learned representations and ablation studies of
the charging profile prediction model. Box plots show the median (centre line),
interquartile range (box limits), and whiskers (1.5 × the interquartile range). Results
integrate data from both test sets. a t-distributed stochastic neighbour embedding
(t-SNE) visualisation of the latent representations of charging data. Each point
represents a full power/state-of-charge (SoC) charging profile, coloured according
to its closest match with a reference profile obtained through charging under ideal
laboratory conditions. b Zoomed-in views of the clusters formed in the t-SNE plot.
The black curves, rendered with partial transparency, denote multiple charging
profiles, and their overlap yields a grey appearance through cumulative opacity.
c Performance of the temporal fusion transformer (TFT)-based charging profile
prediction model compared against various baselines when evaluated on a com-
bined dataset of test sets one and two. For TFT, three runs are shown directly as the

lower error bar, bar height, and upper error bar; other models show a single run.
d Performance of the charging profile prediction model trained with different
configurations of static covariates, evaluated with normalised mean absolute error
(MAE) in prediction. eRelative importance of the static covariates derived from the
charging profile prediction model’s variable selection networks. The violin plots
represent scaled kernel density estimates of relative feature importance, with
overlaid box plots indicating medians and interquartile ranges for each static
covariate. f Performance of the charging profile prediction model trained with
three configurations of battery capacity: omitted, used as a continuous covariate,
and used as a binned categorical covariate. For geographical generalisation, the
capacity-omitted model is also evaluated on the Netherlands dataset, which lacks
this feature.
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the importance distributions are specific to the structure and dis-
tribution of the current dataset and may vary under different condi-
tions or in other deployment scenarios.

To assess the model’s ability to generalise geographically, an
evaluation was conducted on another held-out test set comprising
charging sessions only from the Netherlands, which was not included
in training. As this dataset lacked battery capacity information, the
model trained without estimated capacity was used. As shown in
Fig. 6f, this model achieved comparable performance on the Nether-
lands data and the primary test sets from the UK and Germany, indi-
cating a degree of robustness to geographic distribution shift within
Western Europe, even under missing covariates. Figure 6f also pre-
sents an ablation study examining the effect of reducing the granu-
larity of the estimated capacity input. Rather than using continuous
values, estimated battery capacity was discretised into four broad
categories (10 to 50, 50 to 80, 80 to 120, andmore than 120 kWh). This
binned representation yielded intermediate performance, out-
performing the model trained without capacity but underperforming
relative to the continuous variant. These performance differences
suggest that estimated capacity conveys more than nominal pack size,
it may implicitly encode additional battery-specific characteristics,
such as cell chemistry or charging rate limitations. Given that it is the
only static input varying systematically across EVs, while other inputs
primarily reflect session-specific conditions, this covariate likely acts as
a proxy for EV identity, enabling the model to infer latent structural or
electrochemical differences. While such associations cannot be
directly verified from the available data, the observed performance
degradation upon discretisation supports the view that preserving the
continuous representation allows the model to exploit fine-grained
distinctions relevant to real-world charging behaviour.

Discussion
The growing prevalence of EVs and the increasing demand for rapid,
reliablepublic charging infrastructure necessitate advanced predictive
tools to accurately model charging patterns and durations, in order to
enhance user experience, to facilitate the efficient management and
planning of charging systems, and reduce the impact of EV charging on
the grid. This work introduces a deep learning framework that predicts
DC fast charging profiles at scale acrossmultiple EVmodels, a range of
charger power ratings, and diverse real-world contexts. The model is
trained on a dataset of 909,135 real-world DCFC charging sessions
from the UK and Germany, achieving 95% accuracy with an absolute
error of less than one minute when predicting charging durations
using six data points (power as a function of SoC) collected within five
minutes. These results demonstrate the model’s robustness and its
ability to generalise across different EVmodels and charging scenarios.

The model is designed for practical deployment. It operates in an
event-driven fashion, updating predictions as new SoC readings are
received, typically every one minute. Inference is computationally
efficient: a single forward pass over 1024 sessions completes in
approximately 100 milliseconds on standard GPU hardware, as
detailed in Supplementary Table 1, corresponding to a throughput of
over 10,000 sessions per second. This is several orders of magnitude
faster than the rate at which new input data becomes available, con-
firming that themethod is capable of real-time operation even at scale.

Crucially, the model relies solely on standard charging session
data available at the charger, namely charging power, SoC, and charger
metadata. For optimal performance, additional covariates such as
estimated battery capacity and ambient temperature should be used
when available, and can be inferred or measured locally during the
charging session. However, the model remains capable of delivering
robust predictions in their absence, maintaining usability in settings
where such information is incomplete or unavailable. This design
supports broad applicability across diverse EV and infrastructure
configurations.

Theproposedmethod enables a range of applications across both
system-level and consumer-facing domains. For distribution and
transmission system operators (DSOs and TSOs), accurate near-term
forecasts of charging behaviour based on minimal early-session data
can facilitate more precise demand prediction and flexible load man-
agement. This is particularly relevant for grid-constrained areas with
high EV adoption, where real-time profiling at scale can support con-
gestion mitigation, dynamic tariff design, and anticipatory grid ser-
vices such as demand shifting or curtailment strategies. On the
consumer side, the method provides the technical foundation for
features such as real-time charging duration estimates, adaptive pri-
cing notifications, and enhanced queueing logic at high-traffic char-
ging sites. These use cases benefit from the model’s ability to operate
on a session-by-session basis without relying on persistent vehicle
identifiers or proprietary internal vehicle data.

While the charging profile predictionmodel has been shown to be
able to generalise to session data collected in theNetherlands,which is
a geographically distinct region from the training data, also within
northwestern Europe, full adaptation to radically different markets or
climate zones may require additional training data. However, the
model architecture and self-supervised learning workflow are suffi-
ciently flexible to accommodate such extensions. Future work could
include cross-session user modelling, personalised prediction, or
behavioural inference. However, such directions would raise new
privacy considerations, particularly if persistent identifiers or richer
metadata are introduced. In these cases, privacy-preserving techni-
ques such as differential privacy or federated learning may be neces-
sary to ensure appropriate handling of both user-level data and
commercially sensitive infrastructure information. Further gains may
be realised through model-based optimisation, informing real-time
decisions such as charger assignment, load scheduling, or dynamic
pricing based on predicted charging behaviour. The charging profile
prediction model may also serve as a forward simulator within rein-
forcement learning frameworks for smart charging control. More
advanceduncertainty quantification techniques could further improve
transparency in safety or cost-sensitive applications.

Methods
Detailed model architectures
In both the anomaly detection and the charging profile prediction
model, the feature projection layer includes linear projection layers
for numeric time series including power and SoC, and the static
covariates of: starting SoC, connector type (i.e., CHAdeMO or Type 2
CCS), connector power, estimated battery capacity, and ambient
temperature. A trainable embedding layer was used for the con-
nector type, which is a categorical static covariate. The hidden state
sizes of all subsequent layers were aligned with the size of the pro-
jection layer to maintain consistency. The static covariates were
utilised to augment the time series variables in several ways,
including as contexts in variable selection networks (VSNs) and gated
residual networks (GRNs), as well as to initialise the cell and hidden
states in the LSTM layers.

Anomaly detection model
The β-VAE-based anomaly detection model compresses the charging
profiles with lengths of up to 101, to a much smaller latent space
through its encoder, which captures the most essential features of the
data. Its decoder then reconstructs the charging profiles from this
latent representation. During training, the model learns to minimise
the difference between the original charging profile and its recon-
struction, aswell as to regularise the latent space distribution to follow
that of a standard Gaussian. Anomalies are identified by their high
reconstruction error, as the model struggles to accurately reconstruct
inputs that deviate significantly from the patterns seen in the majority
of the data.
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The anomaly detection model was trained on 810,765 charging
sessions and validatedon90,086 sessions. Post-training, 9334 sessions
– the 1% of the dataset with the highest reconstruction errors – as well
as additional sessions where the computed charging time of the
reconstructed profile differed from the ground truth by more than
15 minutes were intentionally excluded from further use to prevent
potential outlier influence.

The anomaly detection model was trained to jointly minimise the
reconstruction loss and the KL divergence loss. The total loss for a
single charging session y is defined as:

LðW;yÞ=LreconðW; yÞ+β � LKLðW; yÞ, ð1Þ

whereW denotes the weights of the model parameters and β controls
the degree to which the KL divergence term contributes to the total
loss function.

The mean squared error (MSE) based reconstruction loss Lrecon

and the KL divergence loss are computed as:

LreconðW; yÞ= 1
P

jmpad, j

k mpad � ðy� ŷÞk2,

LKLðW; yÞ= 1
2

XK

k = 1

μ2
k + σ

2
k � 1� logðσ2

kÞ
� �

,

ð2Þ

wherempad is a booleanmasking vector used to differentiate between
true and padded positions in the charging profiles, ŷ represents
the reconstructed charging profiles, and the operator ⊙ denotes the
Hadamard product.K is the dimensionality of the latent space, μk is the
mean and σk is the standard deviation of the latent variables encoded
from y.

A beta-annealing strategy was used to prioritise training the
encoder in early epochs of the training phase and prevent posterior
collapse. The parameter β was dynamically adjusted at each training
epoch t according to the following logistic schedule:

β =
1

1 + expð�k � ðt � t0ÞÞ
� β0, ð3Þ

where k is a constant that controls the steepness of the logistic func-
tion, set to 0.1, and t0 is the epoch at which β reaches half of its
maximum value β0. For this work, t0 was set to 90 with β0 fixed at 10−5.

The anomaly detection model was configured with a state size of
128 for all its layers; both the LSTM encoder and decoder had three
LSTM layers, and the model in total had 1.5 million trainable para-
meters. Through experimentation, it was determined that the dataset
could be effectively compressed to a latent size of six without a sig-
nificant impact on the reconstruction loss. The model training con-
verged in about 250 epochs with a batch size of 512 and a maximum
learning rate of 10−3 using theAdamWoptimiser42. The trainingprocess
took about 40 NVIDIA A100 GPU hours.

Charging profile prediction model
The charging profile model predicts complete power-SoC charging
profiles by estimating the quantiles of the power and the associated
charging times, using a partial charging profile and a set of static
covariates as inputs. Thepartial profile can consist of as little as a single
data point. During training, a random proportion, of size ranging from
10% to 99%, of the charging profile is deliberatelymasked to enable the
model to learn to reconstruct the full profile from the remaining partial
data. The masking predominantly targets the latter portion of the
profile but can also be applied to intermediate segments. During
testing, only the rear portions of the charging profiles aremasked. The
model architecture is constructed to operate causally, meaning that it

makes predictions based solely on past and present data, without
relying on information from future points on the charging profile.

Following the anomaly detection step, the charging profile
prediction model was trained on 713,213 sessions collected
between November 2021 and 16 June 2024. Model performance
was evaluated on two distinct test sets, with test set one com-
prising 44,575 sessions drawn from the same time frame as the
training data, and test set two with 44,578 sessions collected from
17 June to 9 July 2024.

The charging profile predictionmodel was optimised tominimise
the total quantile loss, with the quantile loss for a single charging
session y defined as:

LquantileðW;yÞ=
X

q

LqðW; yÞ, ð4Þ

where W denoted the weights of the model parameters, q is the
desired quantile with q ∈ {0.1, 0.25, 0.5, 0.75, 0.9}, and Lq is the
quantile-specific loss, expressed as:

LqðW;yÞ= 1
P

jmj
m� qðy� ŷqÞ+ + ð1� qÞðŷq � yÞ

+

h i
, ð5Þ

where ŷq is the predicted charging profile for quantile q, and
ð�Þ+ = maxð0, �Þ. The masking term m is defined as:

m =mpad � mhidden +αmtrain

� �
, ð6Þ

where the boolean vector mpad differentiates real from padded posi-
tions,mhidden identifies positionswithin the predicted curve, andmtrain

corresponds to the positions used as input for the charging profile.
The scaling factor α is set to 0.1.

Themodel architecture includes five LSTM layers and threemulti-
head attention layers, each with four attention heads, resulting in a
total of 9.8 million trainable parameters. All layers have a state size of
256. Training of the charging profile prediction model converged in
approximately 350 epochs with a batch size of 1024, using the AdamW
optimiser and a maximum learning rate of 5 × 10−4. The training pro-
cess took about 72 NVIDIA A100 GPUs hours.

Charging duration computation
Session charging duration can be computed from the charging profile
as follows:

Tsession =
Z sstop

sstart

ĉ
pðsÞ ds, ð7Þ

where Tsession is the session charging duration in hours, sstart and sstop
are the starting and stopping SoC respectively, ĉ is the estimated
capacity of the EV in kWh and p(s) is the power in kW as a function of
the SoC s.

Data availability
The dataset used in this study contains proprietary information and is
subject to a Non-Disclosure Agreement (NDA) with Shell. Access is
therefore restricted and can only be granted upon approval of anNDA.
Researchers interested in obtaining the data may contact R.D. to
request access. The dataset will be made available solely for research
purposes under the terms of this agreement and in compliance with
applicable data protection regulations. Source data are provided with
this paper.

Code availability
The code used in this study is available at https://github.com/acse-
sl420/ev_charging_ml. An archived snapshot corresponding to the
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published version is deposited on Zenodo under the https://doi.org/
10.5281/zenodo.17183022. The pretrained models generated in this
work are deposited separately onZenodounder the https://doi.org/10.
5281/zenodo.17183746.
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