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Abstract

Wind energy forecasting can be posed as time-series regression: given recent meteorological
conditions, we predict future wind power production. This work reports an end-to-end pipeline
consisting of exploratory data analysis, algorithmic design, classical baseline modeling, hybrid
quantum–classical training on an ideal simulator, and an inference-only quantum processing
unit (QPU) demonstration. Using a dataset of 26,304 observations and eight variables
(including the target Wind production), we construct leakage-safe sliding windows of length
W = 24 and forecast the target H = 5 steps ahead. We compare a classical multilayer
perceptron (MLP) regressor with a Hybrid Quantum Neural Network (HQNN) that combines
an LSTM encoder, a classical bottleneck, and a 9-qubit depth-2 variational quantum circuit
layer. On the full held-out test set, the HQNN achieves slightly improved accuracy over
the MLP baseline (MAE 0.01714 vs 0.01749). To satisfy the deployment requirement of
hardware execution, we additionally run HQNN inference on 64 test windows using an IBM
Quantum Heron-class backend with 650 shots, observing limited but measurable degradation
relative to ideal simulation due to finite-shot and hardware noise (subset MAE 0.01436 on
QPU vs 0.01394 on an ideal simulator).

1 Introduction

Accurate wind power forecasting supports grid stability, reserve planning, and market opera-
tions. Because wind production depends on evolving meteorological conditions, many practical
formulations treat forecasting as supervised regression on multivariate time series [1, 2, 3, 4, 5].
Alongside classical machine learning and deep learning methods [6, 7, 8], quantum machine
learning investigates whether parameterized quantum circuits can serve as trainable nonlinear
components within hybrid architectures [9, 10, 11, 12, 13, 14, 15]. Hybrid quantum neural
networks (HQNNs) are particularly relevant in the noisy intermediate-scale quantum (NISQ)
regime [13], where quantum resources are limited and the quantum component must remain
compact.

This paper consolidates the full workflow produced by the platform for the wind energy
forecasting use case, including a classical baseline (MLP regressor) and a hybrid model (HQNN).
Beyond simulator-first modeling, we include an inference-only QPU experiment to quantify how
finite-shot hardware execution affects predictive quality on a small, cost-controlled subset.

2 Dataset and exploratory analysis

2.1 Dataset overview and quality checks

The dataset consists of 26,304 rows and 8 numerical columns: DHI (Diffuse Horizontal Irradiance),
DNI (Direct Normal Irradiance), GHI (Global Horizontal Irradiance), Wind speed, Humidity,
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Figure 1: Target series (Wind production) in index order. The absence of timestamps requires
interpreting the row index as time.

Temperature, Wind production (target), and Season. No missing values or duplicate rows were
detected.

A notable practical constraint is that the table contains no explicit timestamp column;
therefore, we assume that the row index represents chronological order. All splits and windowing
operations preserve this order to avoid temporal leakage.

2.2 Feature ranges, regimes, and dependence structure

Most variables appear normalized to approximately [0, 1], but DHI takes discrete values in
{1, 2, 3, 4}, suggesting an ordinal/categorical encoding. Several exogenous variables (GHI, DNI,
and Wind speed) exhibit a strong point mass at zero (about 44% of values), indicating regime
structure (e.g., night/day or low/high activity periods). In contrast, the target has essentially no
exact zeros, making percentage-based metrics such as sMAPE numerically stable with a small ε.

Correlation analysis indicates that Temperature is strongly negatively associated with
Wind production, while Wind speed and irradiance-related variables (GHI, DNI) are positively
associated. Autocorrelation diagnostics on the target series (using index order) reveal strong
persistence at lag 1 and prominent peaks near lags 24 and 168, consistent with daily and weekly
periodicity.
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Figure 2: Pearson correlation heatmap between features and target.

Figure 3: Autocorrelation function (ACF) of the target series in index order, showing strong
periodic structure around 24 and 168 lags.
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3 Methods

3.1 Forecasting formulation and windowing

Let xt ∈ Rd denote the feature vector at discrete index t and let yt ∈ R denote wind production.
We form supervised samples by extracting sliding windows of length W and predicting at horizon
H. With input width W = 24, shift (horizon) H = 5, and label width 1, each training example
uses

Xt = [xt,xt+1, . . . ,xt+W−1] ∈ RW×d, ŷt+W+H−1 = fΘ(Xt). (1)

Because the dataset has no timestamps, t indexes the row order.

3.2 Chronological split and leakage-safe preprocessing

We apply a contiguous chronological split of the raw rows into 70% training, 15% validation, and
15% test partitions (18,412 / 3,945 / 3,947 rows). Sliding-window construction yields 18,384 /
3,917 / 3,919 windows, respectively. Exogenous variables are standardized using StandardScaler
from scikit-learn [16], fit on the training block only. The target is standardized with a separate
scaler, also fit only on training.

To exploit the strong autocorrelation observed in Fig. 3 without leakage, we append the
(scaled) past target value to the exogenous features at each time step, so that each input time
slice includes both contemporaneous covariates and a lagged target feature. This is a common
and effective strategy for autoregressive forecasting [2, 1].

3.3 Baseline model: MLP regressor

The required classical baseline is an MLP regressor (scikit-learn implementation [16]) trained
on flattened windows vec(Xt) ∈ RWd. We use two hidden layers (128 and 64 units) with ReLU
activations and Adam optimization [17]. This baseline provides a controlled comparison against
the HQNN.

3.4 Hybrid Quantum Neural Network (HQNN)

3.4.1 Architecture

The HQNN is a differentiable hybrid model implemented in PyTorch [18]. A classical temporal
encoder (LSTM) maps the input window into a representation that is further compressed
by a feed-forward bottleneck. A variational quantum circuit (VQC) layer processes the low-
dimensional latent vector and returns expectation values that are concatenated with the classical
latent via a skip connection and mapped to the final scalar prediction. This hybrid design
follows the variational quantum-classical pattern introduced in early VQE and general VQA
formulations [19, 20, 14].

Concretely, the model uses an LSTM with hidden size 24, followed by a multilayer perceptron
that maps the flattened LSTM outputs to a p = 27 dimensional latent vector. A min–max scaling
layer maps the latent coordinates to angles in [−π/8, π/8] before entering the quantum layer.
The quantum component uses n = 9 qubits and circuit depth L = 2 with Y-rotation encoding,
X-rotation variational parameters, a strong entanglement pattern, and Pauli-Z measurements on
all qubits, yielding a 9-dimensional vector of expectation values. The final classical head maps
the concatenated 36-dimensional vector to a single forecast.

3.4.2 Training protocol

Training minimizes mean squared error (MSE) on standardized targets using Adam with separate
learning rates for classical and quantum parameters (2×10−3 and 8×10−4, respectively), with 10−4
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Table 1: User-defined acceptance criteria (evaluation targets).

Metric Target threshold

MAE ≤ 0.030
RMSE ≤ 0.050
sMAPE ≤ 9.0%
R2 ≥ 0.85

Table 2: Performance on validation and test splits (full sets). Lower is better for
MAE/RMSE/sMAPE; higher is better for R2.

Model Split MAE RMSE sMAPE (%) R2

MLP Val 0.01797 0.02321 4.47212 0.98569
MLP Test 0.01749 0.02310 4.57026 0.98572
HQNN Val 0.01571 0.02062 3.96119 0.98870
HQNN Test 0.01714 0.02245 4.30424 0.98651

weight decay on the classical parameters. The end-to-end model is trained by backpropagation
through the classical and quantum blocks [7, 21]. Early stopping monitors validation MAE
with patience 15 and yields a best epoch of 30 (training stopped at epoch 50). Training and
evaluation on the full dataset are performed on an ideal, shot-free simulator backend for the
quantum layer.

3.5 Evaluation metrics and acceptance targets

Model performance is reported using MAE, RMSE, sMAPE, and R2. For a test set {(yi, ŷi)}Ni=1,

MAE =
1

N

N∑
i=1

|yi − ŷi|, (2)

RMSE =

√√√√ 1

N

N∑
i=1

(yi − ŷi)2, (3)

sMAPE =
100%

N

N∑
i=1

2|yi − ŷi|
|yi|+ |ŷi|+ ε

, (4)

R2 = 1−
∑N

i=1(yi − ŷi)
2∑N

i=1(yi − ȳ)2
, (5)

with ε = 10−6.
The user-defined acceptance criteria are listed in Table 1 and are treated as evaluation

targets.

4 Results on an ideal simulator (full validation/test)

4.1 Quantitative comparison

Table 2 reports validation and test performance for the MLP baseline and HQNN. The HQNN
achieves improved validation metrics and a modest but consistent improvement on the test set
across MAE, RMSE, sMAPE, and R2. Both models satisfy the acceptance criteria in Table 1.
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Figure 4: HQNN training and validation MAE across epochs with early stopping (best epoch
30).

4.2 Training dynamics and diagnostic plots

Figure 4 shows the training and validation MAE during HQNN training, illustrating stable
optimization with early stopping. Figure 5 visualizes predictions over the tail of the test interval,
and Fig. 6 compares parity plots for HQNN and MLP.
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Figure 5: True vs predicted wind production on the test interval (tail segment).

Figure 6: Parity plots on the full test set for HQNN (left) and MLP baseline (right).
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Table 3: HQNN inference on a 64-window test subset: ideal simulator vs QPU (650 shots).

Backend MAE RMSE sMAPE (%) R2

Ideal simulator 0.01394 0.01625 2.11114 0.97565
QPU (650 shots) 0.01436 0.01662 2.21802 0.97452

4.3 Runtime considerations

The MLP baseline trains in approximately 6.16 s and predicts in about 0.007 s. In contrast,
HQNN training on the ideal simulator requires approximately 673 s and inference about 1.60 s.
This gap reflects the overhead of repeated quantum circuit evaluations during training and
highlights a key trade-off in current HQNN deployments: small accuracy gains may incur
substantial computational cost. Scaling and trainability challenges (including barren plateaus)
have been widely discussed in the variational quantum algorithms literature [22, 23].

5 QPU execution: inference on IBM Quantum hardware

5.1 Protocol and configuration

To satisfy the requirement of QPU execution under a controlled budget, we perform an inference-
only experiment using the trained HQNN weights and the identical preprocessing pipeline.
We select the first 64 windows from the chronological test split, run ideal inference (shot-free
simulator) and QPU inference with 650 measurement shots, and compute the same regression
metrics on this subset.

The QPU execution uses a Qiskit-based backend interface [24] and a parameter-shift dif-
ferentiation setting (not used for inference). The run is labeled as “IBM Quantum Heron r3”;
due to software interface constraints, backend selection is handled internally by the provider
wrapper (typically choosing an available IBM backend), and the exact backend identity should
be logged for strict reproducibility. This reporting convention is aligned with current IBM
hardware-roadmap-oriented workflows where backend generation/family is often tracked at the
experiment-design level [25].

5.2 Subset metrics and qualitative comparison

Table 3 reports ideal versus QPU metrics on the 64-window subset. QPU execution shows a small
degradation relative to ideal simulation, consistent with finite-shot estimation and hardware
noise.
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Figure 7: True vs HQNN predictions on the 64-window subset: ideal simulator vs QPU.

Figure 8: Parity plots on the 64-window subset for ideal inference (left) and QPU inference
(right).
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6 Discussion

The results demonstrate that a compact HQNN can match and slightly outperform a classical
MLP baseline on this dataset, while preserving a leakage-safe evaluation protocol based on
chronological splits. The improvement is modest on the full test set, suggesting that most
forecastability is already captured by classical modeling when lagged targets are included.
The HQNN’s main cost is computational: training and inference on a simulator are orders of
magnitude slower than the MLP baseline, and QPU execution further increases latency due to
job queueing, compilation, and shot-based estimation.

The QPU experiment, while limited to 64 windows, provides a concrete estimate of the
performance gap induced by hardware noise and finite shots. The observed degradation is small
at 650 shots, but larger subsets or lower shot counts may increase variance. These findings
are consistent with broader observations in NISQ-era variational modeling, where expressivity,
trainability, and noise must be carefully balanced [14, 22, 23].

7 Future outlook and recommendations

Several directions could improve both scientific rigor and practical performance. Stronger
classical baselines (e.g., gradient-boosted trees [26]) would clarify whether the HQNN adds
value beyond a simple MLP. Multi-horizon forecasting and probabilistic calibration would better
match operational needs. From the quantum perspective, hardware runs would benefit from
explicit backend pinning and logging, careful transpilation to the target coupling map, and error-
mitigation strategies (e.g., measurement mitigation and noise-aware training). Recent domain
studies in renewable forecasting with quantum models also indicate that careful data/feature
engineering remains a key determinant of gains [27]. Finally, since simulator cost grows rapidly
with qubit count, future HQNN designs should explore more parameter-efficient circuits and
problem-informed ansätze.

8 Conclusion

We presented a full wind energy forecasting workflow combining time-series EDA, a classical
MLP baseline, and an HQNN with a 9-qubit variational quantum layer. On the full test set, the
HQNN achieved slightly better predictive accuracy than the baseline while meeting user-defined
acceptance targets. We additionally demonstrated inference on IBM Quantum hardware with
650 shots on a 64-window subset, quantifying a small degradation relative to ideal simulation.
Overall, the study illustrates a pragmatic simulator-first path toward QPU experimentation for
time-series regression with compact hybrid quantum models.
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