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Abstract

This paper examines how hour-ahead forecasting uncertainty propagates to microgrid op-
eration under intermittent renewable generation. Using hourly public data for Ontario and
focusing on the FSA K0K in 2018, we evaluate four representative months (January, April,
July, and December) to capture seasonal dynamics. We benchmark three univariate fore-
casting approaches for load demand, photovoltaic (PV) generation, and wind generation
under a consistent 24-to-1 input setup, including GRU, LSTM, and a persistence baseline.
We report point-forecast metrics (RMSE, MAE, and R2) and also provide 90% prediction
intervals (PI90) using conformal calibration to quantify uncertainty. To assess downstream
impact, forecasts are coupled with a dual-branch MATLAB/Simulink microgrid model.
One branch uses True profiles and the other uses forecast-driven Pred inputs, while both
branches share the same rule-based EMS and BESS constraints. System performance is
evaluated using time-series comparisons and monthly key performance indicators (KPIs)
covering grid import and export, grid peak power, battery throughput, and state-of-charge
(SoC) statistics. We further report an illustrative cost sensitivity under a flat tariff and a
throughput-based degradation proxy. Results show that forecasting performance is target
dependent. GRU achieves the best overall point accuracy for load and PV, whereas wind is
strongly driven by short term persistence at the one hour horizon, and in this measurement
only setup without meteorological covariates the persistence baseline can match or outper-
form the deep learning models. In the microgrid simulations, Pred and True trajectories
remain qualitatively consistent, and SoC-related indicators and peak power remain compar-
atively consistent across months. In contrast, energy-flow indicators, especially grid export
and battery throughput, show larger deviations and dominate the observed cost sensitivity.
Overall, the findings suggest that compact hour-ahead forecasts can be adequate to preserve
operational reliability under a constraint-driven EMS, while forecast improvements mainly
translate into economic efficiency gains rather than reliability-critical benefits.

Keywords: GRU; short-term forecasting; microgrid; photovoltaic; wind; BESS; machine
learning; Simulink

1. Introduction
As PV and wind become more widespread, local power systems face greater short-

term variability, which complicates operational planning [1,2]. Microgrids that combine
distributed generation, battery energy storage systems (BESS), and grid interconnection are
a practical way to improve reliability and flexibility, but their performance depends on the
quality of short-horizon forecasts used for scheduling and control [3–7].
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Short-term forecasting has evolved from classical statistical models to deep learning.
LSTM and GRU are still widely used for load and renewable forecasting because they
capture nonlinear temporal dependencies with moderate complexity [8–11]. More recently,
transformer-based architectures have been explored for energy time-series forecasting and
have shown competitive results in several load and renewable settings [12,13]. However,
the training and tuning overhead of larger models is not always a good fit when the
goal is a lightweight and reproducible hour-ahead benchmark that can be deployed in
measurement-only settings. Point forecasts alone are not enough for risk-aware operation,
so uncertainty reporting has become more common. For this reason, prediction intervals
and probabilistic outputs are increasingly reported together with RMSE and MAE [14,15].

Despite these advances, fewer studies explicitly connect forecast errors to downstream
microgrid behavior and aggregated operational outcomes. Many papers focus on improv-
ing forecasting accuracy, while the operational question is whether forecast improvements
actually translate into better grid exchange, battery cycling, or cost outcomes under a given
energy management strategy [16–18]. Rather than proposing a new forecasting architecture,
we frame this work as an end-to-end coupling study that quantifies how hour-ahead fore-
cast errors propagate into time-series behavior, monthly KPIs, and cost-sensitive outcomes
under a fixed EMS.

We address this need by coupling hour-ahead forecasts with a dual-branch MAT-
LAB/Simulink (R2024a) microgrid model that isolates the effect of forecast uncertainty.
Using hourly public data for Ontario and focusing on the FSA K0K, we model load de-
mand, wind generation, and PV generation in 2018 and evaluate four representative months
(January, April, July, and December) to capture seasonal patterns. We intentionally adopt
a univariate, measurement-only setup to keep the forecasting stage reproducible and to
isolate how forecast errors affect downstream operation, while noting that meteorological
covariates can further improve PV and wind forecasting. We benchmark GRU, LSTM, and
a persistence baseline under a consistent 24 to 1 formulation. We report point-forecast
metrics and provide 90% prediction intervals using conformal calibration to characterize
uncertainty with empirical coverage. The downstream simulations keep the EMS and all
model parameters fixed and compare operation under True inputs and forecast-driven
Pred inputs.

The main contributions are

• A reproducible hour-ahead forecasting benchmark for load, PV, and wind using GRU,
LSTM, and a persistence baseline under a consistent 24 to 1 univariate setup.

• Conformal PI90 reporting that complements point metrics and supports uncertainty-
aware extensions.

• A dual-branch Simulink coupling that quantifies how forecast uncertainty propagates
to time-series behavior, monthly KPIs, and an illustrative flat-tariff cost sensitivity
with a throughput-based degradation proxy.

2. Methodology
The overall workflow follows a five-stage pipeline (Figure 1) consisting of (a) data

acquisition, (b) data preprocessing, (c) forecasting setup, (d) microgrid simulation coupling,
and (e) evaluation. Forecasting models and baselines were implemented in Python 3.12.4.
(NumPy, pandas, scikit-learn, TensorFlow/Keras), and the resulting hourly forecasts were
exported and integrated into a dual-branch Simulink simulation (True vs. Pred) to quantify
how forecast errors propagate to EMS operation and system-level KPIs.
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Figure 1. Overview of the proposed workflow. The lettered labels (a)–(e) indicate sequential steps
within the same diagram and are not subfigure labels.

2.1. Data Acquisition

We collected hourly electricity time series from the Independent Electricity System
Operator (IESO) of Ontario, Canada, at the Forward Sortation Area (FSA) level [19]. Similar
microgrid-relevant time series have been analyzed using machine-learning approaches in
prior work [7]. In this study, we focus on the FSA K0K and use 2018 data to ensure that
demand and renewable generation are temporally aligned. The dataset includes hourly
load demand, wind generation, and solar generation.

To capture seasonal variation without expanding the scope excessively, we selected
four representative months. These are January (winter), April (spring transition), July (sum-
mer), and December (early winter). This selection follows common practice in short-term
load and net-load forecasting, where model performance is reported under contrasting
seasonal conditions [20]. Hourly load was taken from the IESO “Hourly Electricity Con-
sumption Data” report [21]. Wind and solar generation were obtained from the IESO “Gen-
erator Output by Fuel Type Hourly Report” (XML) and compiled into a unified PV/WT
table (PV_WT_value). This preprocessing step ensures consistent timestamp alignment and
supports the downstream modeling workflow [22].

Descriptive Statistics and Seasonal Characteristics

Table 1 summarizes descriptive statistics (mean, standard deviation, minimum, and
maximum) for hourly load in the K0K area together with the corresponding wind (WT)
and photovoltaic (PV) generation profiles for four representative months (January, April,
July, and December) [8]. Seasonal differences are evident. Average load is higher in winter
(January and December) than in April and July. PV is strongest in summer, with July
exhibiting the largest mean and peak values, while winter months remain low due to
shorter daylight hours and long nighttime periods with zero generation. WT also varies
substantially by season, with higher average output in winter than in July.

WT and PV are rescaled to the K0K microgrid scope using fixed scaling factors, and
PV peak caps are applied to ensure physical plausibility. The scaling procedure is described
in Section 2.2.3, and the peak-cap rules are given in Section 2.2.4.

Figure 2 visualizes seasonal characteristics through average diurnal (hour-of-day)
profiles [23]. Load exhibits a clear daily structure, whereas PV shows the expected daytime-
only generation with a pronounced midday peak in July and shorter daylight windows
in winter months. Wind demonstrates weaker diurnal regularity and varies primarily
by season.
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Table 1. Descriptive statistics (MW) of hourly load (K0K) and scaled renewable generation (WT, PV)
across four representative months in 2018. WT/PV are scaled using fixed factors; PV is peak-capped
to 0.8× the monthly peak load.

Month Target Mean Std Min Max

January Load 94.47 18.07 55.39 146.60
January WT 59.66 32.28 1.09 116.91
January PV 9.48 18.59 0.00 117.28

April Load 71.71 12.71 42.12 110.59
April WT 39.82 27.73 0.50 110.70
April PV 19.12 24.96 0.00 88.47

July Load 74.38 18.91 40.90 119.63
July WT 20.35 16.37 0.06 81.56
July PV 28.42 31.83 0.00 95.70

December Load 84.04 13.47 52.59 114.48
December WT 42.61 28.72 2.44 110.99
December PV 5.56 11.86 0.00 91.59
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Figure 2. Average diurnal profiles (hour-of-day mean) of load (K0K), scaled wind (WT), and scaled
photovoltaic (PV) generation for January, April, July, and December 2018. WT/PV are scaled using
fixed factors, and PV is peak-capped to 0.8× the monthly peak load.

2.2. Data Preprocessing

Before model training, we cleaned and harmonized the raw hourly time series to
ensure consistent timestamps and units across load, wind (WT), and photovoltaic (PV).
We then scaled the renewable generation profiles to a representative K0K microgrid scope
using fixed scaling factors and physically motivated peak constraints.

2.2.1. Temporal Alignment and Quality Control

Hourly timestamps were created by combining the reported date and hour fields into
a unified DATETIME index. In the IESO load files, the hour field (1–24) was first converted
to 0–23 and load was then aggregated at the hourly level. Wind and solar outputs were
compiled into a single hourly table and synchronized to the load series by retaining only
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the hours present in both datasets. This ensures consistent scaling and prevents time-
shifted inputs in downstream modeling. Any missing renewable entries were set to zero to
maintain a continuous hourly sequence.

2.2.2. Unit Harmonization (MW)

All series were expressed in MW. Load was converted to MW based on the reported
unit. Wind and PV outputs were treated as MW by default; when reported in kW, they
were converted to MW (1 MW = 1000 kW). This avoids unit inconsistencies when exporting
forecasts to the microgrid simulation.

2.2.3. Scaling Renewables to the K0K Microgrid Scope

Because the renewable generation series are provided at the Ontario-wide level and
cannot be directly filtered to the FSA K0K, wind and PV profiles were scaled to a K0K-
representative level using fixed scaling factors that emulate a fixed installed-capacity
assumption [24]. Specifically, fixed scaling factors αWT and αPV were computed across the
selected months as

αWT = ρWT
L
W

, αPV = ρPV
L
S

, (1)

where L is the mean hourly load in K0K, W and S are the mean Ontario-wide wind and
solar outputs over the aligned hours, and ρWT and ρPV denote target penetration ratios [25]
(set to 0.50 and 0.30, respectively). The scaled renewable series were then obtained as
W∗(t) = αWT W(t) and S∗(t) = αPV S(t), preserving temporal patterns while adjusting
magnitudes to a realistic microgrid scale.

2.2.4. Physical Plausibility Constraints (Peak Caps)

To keep the scaled renewable profiles consistent with a K0K-scale microgrid, we cap
monthly peaks relative to the monthly peak load. PV is capped at 0.8 × max(L), while
wind is capped at 2.0 × max(L) to reflect its more volatile peaks. This step only affects
occasional extremes, and the diurnal and seasonal timing of the profiles is preserved.

2.3. Forecasting Setup

We consider hour-ahead forecasting for three hourly time series, including load de-
mand, wind generation (WT), and photovoltaic generation (PV). Each target is modeled
separately using its own historical observations to keep the forecasting pipeline consistent
across variables and to simplify downstream coupling with the microgrid simulation.

2.3.1. Forecasting Task and Input Construction

Let x(t) denote an hourly time series for a given target (Load, WT, or PV), where t is
the hourly time index. The task is one-step-ahead forecasting, predicting the next-hour
value x(t+1) from recent observations. Inputs are constructed using a sliding window
of length w. With w = 24, each input sample consists of the previous 24 hourly values
{x(t − 23), . . . , x(t)} and the label is x(t+1).

2.3.2. Train–Calibration–Test Split

We split each monthly dataset chronologically into training, calibration, and test
subsets using a 60/20/20 ratio. The training set is used to fit the forecasting models. The
calibration set is reserved for prediction-interval calibration [26] (Section 2.3.4), and all
point and interval metrics are reported on the held-out test set.
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2.3.3. Models and Baselines

We evaluate two recurrent neural network models, GRU and LSTM, for hour-ahead
forecasting [27]. Both models use the same input window (w = 24) and output a one-step-
ahead point forecast to ensure a fair comparison. To keep the evaluation controlled, we use a
fixed model configuration across targets and months rather than extensive hyperparameter
tuning; near-optimal tuning and additional model families (e.g., hybrid CNN–RNN or
tree-based methods) are left for future work. As a simple but strong baseline, we include
persistence defined as x̂(t+1) = x(t).

2.3.4. Prediction Intervals via Conformal Calibration

Along with point forecasts, we report 90% prediction intervals (PI90) using conformal
calibration [14]. After training, we compute absolute residuals on the calibration set,

e(t) = |x(t)− x̂(t)|. (2)

We then take the 90th percentile of {e(t)} as a constant half-width q and form PI90 on
the test set as [x̂(t)− q, x̂(t) + q]. For wind generation, we update the half-width over
time using a rolling window of the most recent 168 residuals to better track non-stationary
behavior [28]. We also apply a mild 1.10× inflation to improve empirical coverage in
winter months.

2.3.5. Evaluation Metrics

Point-forecast accuracy is evaluated on the test set using RMSE and MAE (MW),
together with R2 to quantify goodness of fit. For prediction intervals, we report 90% predic-
tion intervals (PI90) and evaluate them using the prediction interval coverage probability
(PICP@90) and the normalized average width (PINAW). In addition, we report the number
of trainable parameters for GRU and LSTM as a compact measure of model complexity.

2.3.6. Modeling Choice and Scope

We adopt a univariate setup to isolate how hour-ahead forecast errors propagate to
downstream microgrid operation, while keeping the forecasting stage reproducible and
deployable with measurement-only inputs [29]. Meteorological covariates (e.g., irradiance,
temperature, wind speed) are commonly used to improve forecasting performance in
multivariate settings [30], but they are not available at the same spatial granularity as the
FSA-level series in the public dataset used here. Our emphasis is therefore on operational
sensitivity to forecast uncertainty in microgrid energy management and costs [31]. Extend-
ing the forecasting stage to multivariate inputs and direct net-load forecasting is left for
future work.

2.4. Microgrid Simulation Coupling

To quantify how forecast errors propagate to downstream operation, we couple the
forecasting stage to a simplified microgrid energy-flow model implemented in MAT-
LAB/Simulink. The simulation is evaluated under two input settings: (i) measured True
time series and (ii) forecast (Pred) time series, while keeping the microgrid topology and
controller parameters identical. The overall simulation workflow and the resulting True vs.
Pred comparison are illustrated in Figure 3.
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Figure 3. Simulation workflow under True vs. Pred inputs.

2.4.1. Microgrid Architecture and Components

The microgrid consists of an aggregated demand (Load), renewable generation from
photovoltaic (PV) and wind turbine (WT), a battery energy storage system (BESS), and an
external utility grid. All signals are represented in MW with an hourly sampling step [32].
The model architecture and signal flow are shown in Figure 4.

At each time step t, the net load is computed as

Pnet(t) = Pload(t)− Ppv(t)− Pwt(t). (3)

The BESS dispatch Pbess(t) is then applied, and the grid exchange power is obtained by
power balance:

Pgrid(t) = Pnet(t) + Pbess(t), (4)

where Pgrid(t) > 0 indicates grid import and Pgrid(t) < 0 indicates export. We adopt the
sign convention Pbess(t) > 0 for charging and Pbess(t) < 0 for discharging.

Power balance 
P_grid = P_net + 

P_bess

Aggregated 
Load(P_load)

Pv
P_pv

Utility grid(P_Grid)
P_grid>0 import
P_grid<0 export

BESS(P_Bess)
P_bess>0 charge

P_bess<0 discharge

EMS / BESS controller
Rule-based dispatch + 

constraints
SoC bounds, power limits, 

deadband

Wt
P_wt

Net load
P_net​=P_load​−P_pv

−P_wt

P_net

SoC state
SoC(t), SoC(t+1)

SoC

P_Bess

P_Grid

Figure 4. Simplified microgrid architecture and signal flow.

2.4.2. Two-Branch Design for Pred vs. True

To isolate how forecast errors affect downstream operation [33], we run the Simulink
microgrid in two branches that share the same topology and controller settings. The
only difference is the input data. The True branch is driven by measured time series
(Pload, Ppv, Pwt). The Pred branch uses the corresponding forecast series. Since all param-
eters and initialization steps are the same, any differences in trajectories or KPIs can be
attributed to forecast uncertainty.

During data loading, the forecast outputs are read from .mat files with aligned vectors
such as y_true and y_pred. We then perform a simple unit sanity check. If a unit tag
is available, it is used directly. Otherwise, we apply a practical scaling rule to convert
large-magnitude series from kW to MW when needed. If the imported series do not have
the same length, we truncate them to the minimum common horizon for that month.
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2.4.3. Energy Management Strategy and BESS Control

We use a lightweight rule-based energy management strategy for the BESS that bal-
ances the net load while respecting operational constraints [4,34]. We define the net load as
Pnet(t) = Pload(t)− PWT(t)− PPV(t), so positive values indicate a deficit (grid import) and
negative values indicate a surplus (grid export). At each time step, the controller applies
a symmetric deadband around zero to avoid frequent switching. If Pnet(t) > deadband,
the BESS discharges to reduce grid import, subject to discharge power limits and SoC con-
straints. If Pnet(t) < −deadband, the BESS charges to absorb renewable surplus and reduce
grid export, subject to charge limits and available SoC headroom. If |Pnet(t)| ≤ deadband,
the BESS remains idle. Discharging is additionally disabled when the SoC falls below a
reserve threshold SoC_res.

With an hourly sampling interval ∆t = Ts, the SoC is updated using an energy balance
with charge and discharge efficiencies and then saturated within the allowable bounds

SoCt+1 = sat[SoC_min,SoC_max]

(
SoCt +

ηc P+
bess(t)−

1
ηd

∣∣P−
bess(t)

∣∣
E_cap

∆t

)
, (5)

where P+
bess(t) = max(Pbess(t), 0) and P−

bess(t) = min(Pbess(t), 0). The operator sat[a,b](·)
clips the SoC to the interval [a, b].

2.4.4. BESS Parameters and EMS Rules

Table 2 lists the BESS parameters used in both branches. Table 3 summarizes the
rule-based EMS logic used in the Simulink microgrid model.

Table 2. BESS parameters used in the Simulink microgrid model.

Parameter Value

Sampling step Ts 1 h
Energy capacity E_cap 80 MWh
Charge power limit Pchg_max 6 MW
Discharge power limit Pdis_max 4 MW
SoC bounds (SoC_min, SoC_max) (0.20, 0.80)
SoC reserve threshold SoC_res 0.35
Charge efficiency ηc 0.95
Discharge efficiency ηd 0.95
Deadband deadband 0.02 MW
Initial SoC SoC0 0.40

Table 3. Summary of the rule-based EMS logic used in the Simulink microgrid model.

Item Rule

Deadband If the residual power stays within the deadband (deadband = 0.02 MW), the BESS
command is set to zero to avoid frequent small switching actions.

Charge If the residual power indicates surplus generation, the controller charges the battery
subject to the charge power limit Pchg_max and the SoC upper bound SoC_max.

Discharge
If the residual power indicates a deficit, the controller discharges the battery subject
to the discharge power limit Pdis_max, the SoC lower bound SoC_min, and the
reserve threshold SoC_res.

Saturation Charge and discharge commands are saturated by the configured power limits and
SoC bounds to respect the configured constraints.

2.4.5. Simulation Settings and Exported Outputs

All simulations run at an hourly resolution with a fixed step size. For each month,
the corresponding input series are loaded into the MATLAB base workspace and assigned
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to a consistent set of model input variables. This allows the same Simulink model to be
executed across months without changing the model structure. The inputs follow a unified
naming scheme, for example ts_true and ts_pred for load, and ts_pv_true, ts_pv_pred,
ts_wt_true, ts_wt_pred for PV and WT.

Model outputs are collected from the SimulationOutput object rather than through
logsout. For both the True and Pred branches, we export grid power, battery power, and
battery state of charge. The exported signals are Pgrid(t), Pbess(t), and SoC(t). These time
series are then used to compute system-level KPIs and to compare Pred against True.

2.4.6. Evaluation Metrics and System-Level KPIs

We compute system-level KPIs from the hourly simulation outputs to quantify down-
stream operational effects and cost sensitivity. Let ∆t denote the time step in hours. We
adopt the sign convention that Pgrid(t) > 0 indicates grid import and Pgrid(t) < 0 indicates
grid export. Grid import and export energies are obtained from the positive and negative
parts of the grid power

Eimp = ∑
t

max
(

Pgrid(t), 0
)

∆t, (6)

Eexp = ∑
t

max
(
−Pgrid(t), 0

)
∆t. (7)

Grid peak power is defined as

Pgrid,peak = max
t

Pgrid(t). (8)

Battery utilization is summarized by throughput and peak power

Ebess,abs = ∑
t
|Pbess(t)|∆t, (9)

Pbess,peak = max
t

|Pbess(t)|. (10)

Battery operating state is characterized by the SoC range and mean

SoCrange = max
t

SoC(t)− min
t

SoC(t), (11)

SoC =
1
T ∑

t
SoC(t). (12)

To compare Pred and True, we report the absolute percentage deviation for each KPI

∆(%) = 100 × |KPIPred − KPITrue|
max(|KPITrue|, ϵ)

, (13)

with ϵ = 10−9 to prevent division by zero.

Economic Deviation Under a Flat Tariff and a Throughput-Based Degradation Proxy

To express forecast-driven operational differences in monetary terms, we compute an
illustrative monthly cost under constant purchase and feed-in prices [35]. Let πbuy and
πsell denote flat electricity purchase and feed-in tariffs in e/MWh. The net energy cost is

Jenergy = πbuy Eimp − πsell Eexp. (14)

To capture battery usage intensity, we use a throughput-based degradation proxy with a
linear coefficient cdeg in e/MWh [35,36]

Jdeg = cdeg Ebess,abs. (15)

https://doi.org/10.3390/a19020116
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The total operating cost is then

Jtotal = Jenergy + Jdeg. (16)

This simplified cost model is used to compare Pred and True under identical assumptions
rather than to reproduce a specific market tariff structure. We report deviations for Jenergy

and Jtotal as an indicator of economic sensitivity under the flat-tariff assumption.

3. Results
3.1. Forecasting Performance and Model Selection

We compare three forecasting approaches, GRU, LSTM, and a persistence baseline,
for hour-ahead prediction of load, PV, and wind power over four representative months
(January, April, July, and December). Point-forecast accuracy is measured using RMSE,
MAE, and R2. To reflect predictive uncertainty, we additionally evaluate 90% prediction
intervals (PI90) using the empirical coverage probability (PICP@90) and the prediction
interval normalized average width (PINAW). PICP values closer to 0.9 indicate coverage
closer to the nominal level, while a smaller PINAW corresponds to tighter intervals at the
same nominal coverage.

Table 4 reports results averaged across the four months. For both load and PV, GRU
achieves the lowest RMSE and MAE among the tested models and also yields the strongest
R2, indicating consistently better point-forecast performance. For wind power, the persis-
tence baseline performs best in terms of RMSE, MAE, and R2, suggesting that short-term
persistence captures much of the hour-ahead wind variability in this dataset.

Across targets, PI90 calibration is generally close to the nominal level. For load and
PV, PICP@90 stays around 0.92 and remains accompanied by relatively narrow intervals for
GRU, especially for PV where GRU attains the smallest PINAW. For wind, GRU intervals
are slightly under-covering (PICP@90 below 0.9), while LSTM and persistence are closer to
nominal coverage but with wider intervals. Overall, GRU provides a good balance between
accuracy and model complexity, using fewer trainable parameters than LSTM under the
same configuration (12,929 vs. 16,961).

Figures 5–8 illustrate representative trajectories for the four months. The examples
visually confirm the summary trends in Table 4. GRU and LSTM closely follow the load
and PV dynamics, while wind trajectories show stronger short-term persistence, which
explains the strong baseline results.

Based on the averaged performance and the lower parameter count, we select GRU as
the representative forecasting model for the downstream coupling. In the following micro-
grid simulations, GRU forecasts are used as the Pred inputs so that the operation-level anal-
ysis focuses on how forecast uncertainty propagates to trajectories and system-level KPIs.

Table 4. Forecasting performance averaged over four months (January, April, July, and December).
Lower is better for RMSE, MAE, and PINAW, while higher is better for R2. For PI90, PICP close to
0.9 indicates good calibration.

Target Model RMSE MAE R2 PICP@90 PINAW Params

Load
GRU 3.926 3.022 0.903 0.921 0.295 12,929
LSTM 4.523 3.517 0.865 0.915 0.330 16,961
Persistence 4.734 3.784 0.866 0.915 0.337 –

PV
GRU 6.207 3.655 0.889 0.925 0.241 12,929
LSTM 7.103 4.342 0.860 0.923 0.274 16,961
Persistence 8.252 4.717 0.811 0.901 0.301 –

WT
GRU 7.263 5.541 0.873 0.895 0.304 12,929
LSTM 8.503 6.547 0.837 0.903 0.349 16,961
Persistence 6.287 4.730 0.909 0.913 0.265 –
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Figure 5. Monthly forecasting example (January). Load, PV, and wind trajectories comparing True
against GRU, LSTM, and the persistence baseline.
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Figure 6. Monthly forecasting example (April). Load, PV, and wind trajectories comparing True
against GRU, LSTM, and the persistence baseline.
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Figure 7. Monthly forecasting example (July). Load, PV, and wind trajectories comparing True against
GRU, LSTM, and the persistence baseline.

0 20 40 60 80 100 120

60

70

80

90

100

110

LO
AD

 (M
W

)

LOAD December  True vs Models

0 20 40 60 80 100 120
0

5

10

15

20

25

PV
 (M

W
)

PV December  True vs Models

0 20 40 60 80 100 120
Test hour index

0

20

40

60

80

100

W
T 

(M
W

)

WT December  True vs Models

True GRU LSTM Persistence

Figure 8. Monthly forecasting example (December). Load, PV, and wind trajectories comparing True
against GRU, LSTM, and the persistence baseline.
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3.2. Microgrid Trajectories Under True vs. Pred Inputs

To show how forecasting errors translate into operational differences, we compare
simulated microgrid trajectories under True inputs and Pred inputs using the same EMS
and identical model parameters. For each representative month (January, April, July, and
December), we display a 120-h window to highlight short-term dynamics and controller
responses. We focus on grid exchange power Pgrid(t), battery dispatch Pbess(t), and the
battery state of charge SoC(t).

Across all months, the Pred and True trajectories show the same qualitative operating
pattern. Deviations are most visible in Pgrid(t) around periods where the net load changes
rapidly or crosses zero, because small forecast errors in load or renewable generation can
flip the sign of the residual power balance and therefore alter the import/export profile.
The battery controller compensates part of these discrepancies by adjusting Pbess(t), which
reduces the propagation of forecast errors into the battery state. As a result, SoC(t) remains
closely aligned between Pred and True in the shown windows, and we do not observe
sustained saturation at the SoC bounds. Overall, these trajectory-level comparisons indicate
that the rule-based EMS buffers part of the hour-ahead uncertainty in the GRU inputs.
Figures 9–12 compare 120-h trajectory windows under True and Pred inputs for January,
April, July, and December, respectively. The remaining differences are mainly reflected in
grid exchange profiles and therefore motivate the system-level KPI and economic deviation
analysis in the next subsection.

We summarize system-level KPI deviations between True and Pred simulations using
the monthly metrics defined in Section 2.4.6. Deviations are reported as absolute percentage
differences, which show how hour-ahead forecast uncertainty propagates from trajectory-
level behavior to aggregated operational outcomes.

Figure 13 summarizes the absolute percentage deviations of the main system-level
KPIs between Pred and True across the four representative months.
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Figure 9. Trajectory comparison under True vs. Pred inputs for January (120-h window): Pgrid(t),
Pbess(t), and SoC(t).
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Figure 10. Trajectory comparison under True vs. Pred inputs for April (120-h window): Pgrid(t),
Pbess(t), and SoC(t).

0 20 40 60 80 100 120
-50

0

50

100

G
rid

 p
ow

er
 (

M
W

)

Grid power – July (MAE = 8.921)

Pred
True

0 20 40 60 80 100 120
-5

0

5

P
be

ss
 (

M
W

)

Pbess (MAE = 0.803)

Pred
True

0 20 40 60 80 100 120
Hour

0

0.5

1

S
oC

 (
0–

1)

SoC (MAE = 0.0397)

Pred
True

Figure 11. Trajectory comparison under True vs. Pred inputs for July (120-h window): Pgrid(t),
Pbess(t), and SoC(t).
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Figure 12. Trajectory comparison under True vs. Pred inputs for December (120-h window): Pgrid(t),
Pbess(t), and SoC(t).
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Figure 13. System-level KPI deviations between Pred and True across four representative months.

Overall, grid exchange KPIs are more sensitive than battery state indicators. Grid
export energy shows the largest deviations, which suggests that forecast errors mainly affect
the import and export balance rather than triggering unstable control behavior. Battery
utilization also changes with forecast inputs, as reflected by throughput deviations, while
the SoC mean and range remain relatively close between the two branches. The BESS peak
power deviation is zero because the same power limits are enforced in both branches, which
caps the peak dispatch in an identical way. Table 5 reports the corresponding absolute
percentage KPI deviations across the four representative months.
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Table 5. Absolute percentage deviations of monthly KPIs between Pred and True.

KPI Jan Apr Jul Dec

Grid-related
Grid import energy Eimp (%) 5.32 1.92 15.95 7.48
Grid export energy Eexp (%) 19.81 8.43 23.69 31.98
Grid peak power Pgrid,peak (%) 1.74 9.36 12.16 1.87

Battery-related
BESS throughput Ebess,abs (%) 1.16 0.39 14.85 8.54
BESS peak power Pbess,peak (%) 0.00 0.00 0.00 0.00
SoC range (%) 1.79 1.36 0.61 5.11
Mean SoC (%) 0.40 0.29 4.59 2.54

These results indicate that forecast errors primarily influence energy exchange and
cycling intensity, which motivates reporting economic-cost deviations under the flat-tariff
assumption in the next subsection.

We report an illustrative cost-sensitivity analysis under the flat-tariff setting introduced
in Section 2.4.6. We use constant purchase and feed-in prices of πbuy = 100 EUR/MWh
and πsell = 50 EUR/MWh. We map battery usage to a throughput-based degradation
proxy with cdeg = 10 EUR/MWh-throughput. These price levels are illustrative and are
used to express operational deviations on a monetary scale under a consistent flat-tariff
setting rather than to reproduce a specific market tariff. For each month, we compute the
energy cost Jenergy, the degradation proxy Jdeg, and the total cost Jtotal = Jenergy + Jdeg for
both True and Pred trajectories.

Figure 14 summarizes the absolute percentage deviations. The largest total-cost
deviation occurs in July (19.44%), while April shows the smallest deviation (1.66%). Across
months, the total-cost deviation largely tracks the energy-cost deviation, suggesting that
the cost sensitivity is mainly driven by changes in grid import and export. The degradation
proxy is smaller in magnitude, but it captures differences in BESS throughput and becomes
more noticeable in months with larger dispatch differences. Table 6 provides the month-by-
month cost values for True and Pred, together with the corresponding deviations.
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Figure 14. Economic deviations under a flat tariff and a throughput-based degradation proxy. Bars
report absolute percentage deviations between Pred and True for Jenergy, Jdeg, and Jtotal.
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Table 6. Monthly operating-cost comparison under the flat-tariff assumption. Costs are reported for
True and Pred trajectories, together with the absolute percentage deviation (relative to True).

Month
Jenergy (EUR) Jdeg (EUR) Jtotal (EUR)

True Pred Dev. (%) True Pred Dev. (%) True Pred Dev. (%)

Jan 288,646 269,429 6.66 2524 2495 1.16 291,171 271,924 6.61
Apr 267,978 272,494 1.69 3059 3047 0.39 271,037 275,541 1.66
Jul 326,254 261,713 19.78 3213 3690 14.85 329,467 265,403 19.44
Dec 350,672 315,911 9.91 1393 1512 8.54 352,066 317,424 9.84

3.3. Summary of Key Findings

Across four representative months, GRU achieves the best overall point-forecast per-
formance for load and PV among the tested models while using fewer trainable parameters
than LSTM, so we select it as the forecasting model for the downstream coupling. For
wind power, the persistence baseline yields the strongest point metrics, indicating that
short-term autocorrelation explains a large part of hour-ahead wind variation in this dataset.
Prediction-interval results are generally close to the nominal 90% level, with GRU providing
competitive coverage and relatively tight intervals for load and PV.

In the microgrid simulations, True and Pred trajectories remain qualitatively consistent
within the 120 h windows. Deviations are most visible in grid exchange power around
rapid net-load changes and zero-crossings, while the rule-based EMS buffers part of the
forecast errors through battery dispatch so that SoC(t) stays closely aligned and we do not
observe sustained saturation at the SoC bounds.

At the system level, deviations are more pronounced for energy-exchange metrics
than for battery-state metrics. Grid export energy is the most sensitive KPI, with the largest
deviation in December (31.98%) and elevated deviations also in July (23.69%). Battery
throughput is more affected than SoC indicators, reaching its largest deviation in July
(14.85%), whereas mean SoC and SoC range show smaller deviations.

Under the illustrative flat-tariff setting with a throughput-based degradation proxy,
economic deviations are dominated by changes in energy cost, with total-cost deviations
ranging from 1.66% (April) to 19.44% (July). The degradation proxy contributes a smaller
share overall, but it becomes more visible in months where throughput differences increase.

4. Discussion
4.1. Key Findings and Implications

This study examined how hour-ahead forecasting uncertainty propagates to microgrid
operation and operating cost under a rule-based energy management strategy. Across
four representative months (January, April, July, and December), GRU achieved the best
overall point-forecast accuracy for Load and PV among the tested models. In contrast,
wind power remains strongly driven by short-term persistence at the one-hour horizon,
and the persistence baseline outperformed the recurrent models on the main point metrics.
Taken together, the results indicate that model choice is target-dependent and that a simple
baseline can be difficult to beat for wind under the present data and horizon.

Despite these differences in forecasting performance, the microgrid simulations show
that reliability- and constraint-related indicators exhibit smaller deviations between Pred
and True. The BESS peak power deviation is 0% in all months, which reflects the fact that
battery dispatch is frequently governed by the same actuator limits and rule thresholds
in both branches. Differences are more pronounced in energy-exchange and cost-related
outcomes. Grid export energy is the most sensitive KPI, with the largest deviation in
December (31.98%), and the total operating cost shows its largest deviation in July (19.44%).
Overall, under a constraint-driven rule-based EMS, short-horizon forecast errors tend to
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affect efficiency and economic outcomes more than constraint-related indicators such as
peak power and SoC behavior.

4.2. Interpreting Forecasting Performance Across Targets

The averaged forecasting metrics show that load and PV behave differently from wind
at the one-hour horizon. For Load and PV, GRU performs best among the tested models in
both RMSE and R2. It also uses fewer trainable parameters than LSTM, which makes it a
reasonable choice when computational budget and reproducibility matter.

The prediction-interval results broadly align with the point metrics. PI90 coverage
(PICP@90) stays close to the nominal level across targets, and GRU often achieves compara-
ble coverage with narrower intervals (lower PINAW) than the alternatives, especially for
Load and PV. This suggests that the uncertainty estimates are sufficiently consistent for the
downstream analysis and can support future uncertainty-aware control extensions.

In contrast, WT forecasting exhibits a regime where persistence is difficult to beat at
the one-hour horizon. The persistence baseline achieves a lower RMSE (6.287) and a higher
R2 (0.909) than GRU and LSTM, which is consistent with strong lag-1 dependence in wind
generation. Under the univariate setup used here, recurrent models have limited additional
structure to exploit because meteorological covariates are not available at the same spatial
granularity. As a result, the added model complexity does not necessarily translate into
better generalization for hour-ahead WT.

Practically, this motivates keeping a simple baseline in the benchmarking suite and
cautions against assuming that a more complex model will automatically translate into
operational gains for every target series.

4.3. How Forecast Errors Propagate Through EMS Logic

A key contribution of this work is to connect forecasting errors to operational trajecto-
ries and, ultimately, to monthly KPIs and costs. The KPI deviations show that errors do not
propagate uniformly. SoC-related indicators show smaller deviations, while throughput
becomes more sensitive in months with larger control adjustments, reaching 14.85% in July
and 8.54% in December. This suggests that differences mainly accumulate through cycling
intensity rather than instantaneous extremes.

This pattern is consistent with rule-based dispatch under SoC bounds and power
limits. The constraints cap extreme responses, which helps explain the zero deviation in
BESS peak power across months. By contrast, deviations grow when the system operates
near switching conditions such as a near-zero net power balance, where small forecast
errors can flip import and export decisions. Grid export energy is therefore the most
sensitive KPI, deviating by 19.81% in January and 31.98% in December.

4.4. Sensitivity of Operational KPIs and Operating Costs

A useful way to interpret the KPI outcomes is to separate reliability and constraint-
related indicators from energy-flow and economics-related indicators. Reliability and
constraint-related quantities show smaller deviations between Pred and True. BESS peak
power shows 0% deviation in all months, and SoC indicators stay comparatively close, with
SoC range deviations peaking at 5.11% in December. Grid peak power shows moderate
sensitivity in higher-variability months such as July (12.16%) and April (9.36%), but we do
not observe systematic constraint violations.

Energy-flow indicators show clearer amplification. Grid import energy deviations
range from 1.92% (April) to 15.95% (July), while grid export energy is more sensitive and
reaches 31.98% in December. These deviations translate into cost outcomes. The largest
discrepancy occurs in July, where Jenergy deviates by 19.78% and Jtotal deviates by 19.44%.
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The degradation proxy becomes more visible when cycling differs, with Jdeg deviating by
14.85% in July, consistent with the throughput deviation.

The July sensitivity can be interpreted as a regime effect. With higher PV output and
more near-zero net power balance, small forecast shifts can flip import and export decisions,
and these sign changes accumulate into larger monthly energy deviations. Under the flat
tariff, the effect appears mainly in Jenergy, with an additional contribution from cycling
intensity through Jdeg.

In addition, high frequency fluctuations in the forecast driven residual power can
interact with the EMS deadband setting (0.02 MW) when the net power balance operates
close to zero. Crossing the deadband more frequently may lead to additional short charge
and discharge actions. While these small actions may have limited impact on headline SoC
indicators at the hourly scale, they can accumulate over the month and increase battery
throughput, which may help explain the more visible throughput and Jdeg deviations
in July.

4.5. Practical Takeaways for Microgrid Operation

From an operator perspective, three points stand out. First, hour-ahead forecasts of
load and PV from a compact recurrent model such as GRU can be sufficient for stable
operation when a constraint-first EMS is used, because actuation limits and SoC dynamics
buffer short-term errors. Second, at the one-hour horizon, wind power may be handled
adequately by a persistence baseline in univariate and data-limited settings, and added
model complexity does not guarantee operational gains unless additional predictors such
as meteorological variables are available. Third, the main benefit of better forecasts is
likely economic rather than reliability-related. Improvements primarily reduce unnecessary
battery cycling and correct import and export allocation, especially in periods with frequent
net-balance crossings.

4.6. Limitations and Future Work

Several limitations should be considered. The forecasting stage is univariate, which
keeps the pipeline reproducible but limits performance for weather-driven resources such
as wind and solar. The EMS is rule-based and does not optimize decisions under forecast
uncertainty, so the results emphasize robustness and error propagation rather than optimal
scheduling. The economic analysis uses a flat tariff together with a simplified throughput-
based degradation proxy, which is suitable for comparison but does not reflect time-varying
prices or detailed battery aging. Finally, the evaluation covers four representative months
in one year, and broader multi-year testing would strengthen generalizability.

Future work could incorporate exogenous covariates and multivariate learning, and
couple forecasts with uncertainty-aware dispatch such as robust control or MPC. Additional
sensitivity studies over battery capacity, renewable penetration, and EMS thresholds would
help identify regimes where improved forecasting yields the highest operational and
economic value.

5. Conclusions
This paper investigated how hour-ahead forecasting uncertainty propagates to down-

stream microgrid operation and operating costs in a simulation-based energy management
setting. Using four representative months (January, April, July, and December), we bench-
marked GRU, LSTM, and a persistence baseline for Load, PV, and WT forecasting, and then
compared microgrid trajectories, KPIs, and cost components under Pred versus True inputs.

Three main conclusions follow. First, forecasting performance is target-dependent. GRU
provides the strongest accuracy for Load and PV, with Load RMSE 3.926 and R2 0.903, and
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PV RMSE 6.207 and R2 0.889. For WT, a persistence baseline remains difficult to beat at the
one-hour horizon, achieving WT RMSE 6.287 and R2 0.909. Second, under the constraint-
driven rule-based EMS, reliability- and constraint-related indicators show smaller deviations
under forecast errors. BESS peak power is unchanged between Pred and True across all
months, and SoC-related metrics remain bounded, indicating that dispatch constraints and
SoC limits buffer short-horizon uncertainty. Third, the main impact of forecast errors appears
in energy-flow and economic outcomes. Grid import and export energies, battery throughput,
and operating cost are more sensitive, with the largest total-cost deviation in July reaching
19.44%. Export energy is particularly sensitive when the net balance frequently crosses zero,
with the largest export deviation occurring in December (31.98%).

The study has several limitations. The forecasting stage is univariate and does not
include meteorological predictors, which can limit performance for weather-driven gen-
eration. The EMS is rule-based and not explicitly uncertainty-aware, and the economic
formulation uses simplified assumptions including flat tariffs and a throughput-based
degradation proxy. Finally, although four months span seasonal variation, broader multi-
year testing would strengthen generalizability.

Future work will focus on multivariate forecasting with exogenous covariates,
uncertainty-aware dispatch, and sensitivity studies to identify regimes where improved
forecasts deliver the highest operational and economic value.
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