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Abstract

The electrification of transportation has significantly increased elec-
tric vehicle (EV) charging demand on energy systems. Accurately
capturing the uncertainty of future EV loads is essential for flexible
system operation. This study proposes an LSTM-attention model
for probabilistic EV load forecasting, featuring an encoder-decoder
architecture with an intermediate attention layer. Using Quantile
Regression (QR), the model predicts upper, median, and lower load
quantiles. Evaluation is performed on parking station data from
the SmoothEMS Met GridShield project in the Netherlands.

CCS Concepts

« Computing methodologies — Supervised learning by re-
gression.
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1 Introduction

Electric load forecasting has become increasingly important due to
the rapid growth of the global electric vehicle (EV) fleet. As power
demand from charging stations rises, accurate EV charging load
forecasting is essential for balancing electricity demand and power
generation, ensuring grid stability. Many forecast models have been
proposed in the literature [6]. In previous work, we introduced an
LSTM with an attention layer model [4].
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A key challenge in managing distributed energy systems like
microgrids is handling uncertainty. In this context, point forecast-
ing alone may be inadequate. Only a few studies have explored
probabilistic forecasting for EV charging demand, which offers
insights into uncertainties via distribution estimates [2], quantile
estimations [1], or Bayesian techniques [5]. This study applies a
Quantile Regression (QR) framework to the EV demand forecasting
method from [4], using the Dutch ASR dataset.

2 Methodology

The point forecast of EV charging is performed by an LSTM en-
coder—decoder with attention. To incorporate probabilistic forecast-
ing, QR is applied.

LSTM-Attention model. The Encoder is composed of stacked
LSTM layers, it captures its essential features into a lower dimen-
sional representation, namely the last hidden state of the last LSTM
layer. This becomes the Context Vector that is fed to the Decoder
to be interpreted. The Decoder then generates predictions for each
required time step. The Attention mechanism dynamically refines
the context vector by computing a weighted sum of all hidden
states. The alignment scores determine these weights by assessing
the relevance between the previous output and the current hidden
state. The strucuture of the model is shown in Figure 1.
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Figure 1: Encoder Decoder with Attention stucuture of the
forecasting model.

Quantile Regression. QR is a technique used to estimate con-
ditional quantiles of a target variable. To apply this approach, we
trained three different LSTM-Attention models: one for the me-
dian (50th quantile), one for the 20th quantile, and one for the
80th quantile. The model predicts specific quantiles by minimiz-
ing a quantile-dependent loss function known as the pinball loss
function, defined as follows:
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where y is the measured value at a given timestep and g is the cor-
responding prediction. This function is asymmetric, meaning that
when the quantile value 7 is between 0 and 0.5, underforecasting
is penalized less (to predict a lower quantile), whereas for values
between 0.5 and 1, overforecasting receives a lower penalty (to pre-
dict a higher quantile). If 7 is 0, the pinball loss function simplifies

to the absolute error.

Evaluation metrics. The classic metrics used for point forecast
models are not effective when dealing with probabilistic ones. The
Continuous Ranked Probability Score (CRPS) is a proper scoring
rule used to evaluate the accuracy of probabilistic forecasts. It mea-
sures the difference between the predicted cumulative distribution
function (CDF) and the actual observation. The CRPS formula is
shown in (2) for a given forecast F (y) and true observation y.

N
CRPS(E,y) = ) (Fu) — 1w > v} B @

i=1

where F(y;) is the cumulative probability of the forecast up to the
value y;, y; is the set of possible forecast values, y is the observed
value, 1{y; > y} is the Heaviside step function, which is 1ify; > y
and 0 otherwise. Prediction Interval Coverage Probability (PICP) is
used for coverage measurement. It is the percentage of true values
that fall within the predicted uncertainty interval.

3 Case Study

The dataset utilized in this study is sourced from the SmoothEMS
Met GridShield project in the Netherlands, collected from the ASR
office parking lot in Utrecht, while weather data are from KNMI
[3]. The features extracted to provide as input are month, day, hour,
minute, temperature, global radiation, number of active sessions.
The dataset has 15-minute discretization, the model is trained on
80% of the data and tested on the remaining 20% using 96 input steps
(previous day) to predict the next day with no lag. The forecast is
performed with a rolling horizon once every hour and provides a
24-hour forecast horizon.

4 Results and Discussion

The proposed model is evaluated with different hyperparameter
configurations, including different numbers of LSTM layers in both
Encoder and Decoder (1 and 2 layers) and different number of
units in each layer (24, 48, and 64). As shown in Table 1, there is a
trade-off between model complexity and forecasting performance.
Models with 48 and 64 units generally outperform those with 24
units, especially for the point forecast. Model 48-2 achieves the
best overall performance, with the lowest CRPS (6.111), competitive
pinball losses across the two quantiles and highest PICP.

To further assess the model performance, we consider a bench-
mark based on naive persistence and a fixed-width quantile predic-
tion. The benchmark used to calculate the median prediction is the
weekly persistence model, which assumes that the forecast for each
time step is the same as the corresponding value from the previous
week. It reflects a simplistic assumption that power consumption
patterns repeat weekly. On top of that, the benchmark uses fixed-
width (equal to 10% of the persistence prediction) intervals around it
for the forecast of the 20th and 80th quantiles, providing a constant
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(a) EV load forecasts for a sample week.
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(b) EV load forecasts for a sample day.

Figure 2: Probabilistic forecast with LSTM-attention model.

prediction range. In comparison to the benchmark, the 48-2 model
outperformed it with significant improvements: Pinball Loss (q20)
decreased by 81.39%, Pinball Loss (q50) improved by 62.09%, Pinball
Loss (q80) showed a 68.04% reduction, the CRPS (mean) improved
by 67.70% and PICP increased of 26.82% points. These results indi-
cate that the 48-2 model provides a substantial enhancement over
the benchmark in forecasting accuracy. Future work could explore
the inclusion of additional input lags and experiment with extend-
ing the forecasting horizon to assess the model’s performance over
longer timeframes.

Table 1: Results from simulation on different hyperparame-
ters configurations

Model  Pinball loss(50) Pinball loss(20) Pinball loss(80) CRPS  PICP

24-1 1.730 3.870 4.028 6.754 61.00%
24-2 1.851 4.210 3.487 6.874 62.05%
48-1 1.494 4.095 2.800 6.197 72.12%
48-2 1.486 4.020 2.847 6.111 78.60%
64-1 1.715 3.821 3.523 6.532 73.58%
64-2 1.570 3.906 2.812 6.217 66.02%
benchmark 10.606 7.986 8.885 18918 51.78%
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