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Abstract

The increasing penetration of photovoltaic (PV) systems requires accurate and stable short-
term forecasting to ensure reliable grid operation under operational constraints. This paper
investigates short-horizon multi-step PV power forecasting using one full year of high-
resolution (5 min) real-world data from a 111-kW grid-connected rooftop installation. The
forecasting problem is formulated as a direct multi-output supervised learning task with a
30 min prediction horizon. A comprehensive comparative evaluation is conducted across
baseline (persistence), tree-based (XGBoost), and deep learning architectures (LSTM, GRU,
and Temporal Convolutional Networks—TCN). Results show that deep learning models
significantly outperform conventional baselines, with LSTM achieving the lowest nor-
malized RMSE (≈10.3%), while TCN provides a competitive trade-off between predictive
accuracy, temporal stability, and computational efficiency. The direct multi-step formulation
was adopted to reduce potential error propagation effects commonly observed in recursive
forecasting approaches. Beyond forecasting accuracy, the study evaluates computational
complexity and inference latency to assess practical deployability in resource-constrained
environments. The proposed framework demonstrates that high-resolution real-world
PV forecasting can achieve both strong predictive performance and operational feasibility.
These findings contribute to the development of robust short-term forecasting strategies
for distributed renewable energy systems operating under regulatory export constraints.

Keywords: photovoltaic forecasting; embedded AI; energy management system; export
limitation; Raspberry Pi; multi-step prediction; LSTM; GRU; temporal convolutional
network; smart building

1. Introduction
The rapid expansion of PV power has become a central pillar in global clean energy

transition pathways, driven by the high reliability of PV plants and the vast availability of
solar resources [1]. As worldwide PV installations continue to grow, accurate forecasting of
PV power generation is increasingly essential for improving electrical grid management
and ensuring the efficient integration of renewable energy sources [2]. In recent years,
the global PV market has witnessed exceptional growth: cumulative installed capacity
increased from 1186 GW in 2022 [3] to approximately 2260 GW by the end of 2024 and is
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projected to approach 2.9 TW by the end of 2025, reflecting the unprecedented acceleration
of solar deployment worldwide according to the latest IEA PVPS Trends Report [4].

This rapid development is particularly evident in emerging markets such as Brazil,
where installed PV capacity surged from 2.46 GW in 2018 to over 47 GW by August 2024,
reaching approximately 55 GW of operational installed capacity by February 2025 [5].
However, the large-scale integration of PV generation into electrical networks introduces
significant operational challenges due to the inherent variability and uncertainty of solar
irradiance. PV output is strongly affected by rapidly changing meteorological conditions,
including cloud cover, temperature, and humidity, which can lead to sudden fluctuations
in power production [6]. Such variability may disrupt the supply–demand balance, cause
voltage and frequency deviations, and increase reliance on ancillary services, thereby
threatening grid stability and reliability [7].

Consequently, PV power forecasting has emerged as a key solution to enhance solar
energy integration. By providing reliable predictions across multiple temporal and spatial
scales, forecasting models support improved planning, scheduling, and real-time grid
operation. Grid operators can exploit accurate PV forecasts to optimize dispatch strate-
gies [8], reduce reserve margins, and minimize balancing costs. Furthermore, forecasting
plays a vital role in electricity market participation, financial risk mitigation, revenue maxi-
mization for PV plant owners, and long-term investment planning. Over the past decade,
PV forecasting methodologies have evolved from traditional statistical approaches to ad-
vanced machine learning and hybrid physical–data-driven models [9]. Despite significant
progress, forecasting accuracy remains limited by the intermittent nature of solar power,
complex nonlinear relationships among atmospheric variables, and the persistent scarcity
of large-scale high-quality training datasets [10].

Accurate prediction of PV power generation and solar irradiance across multiple time
scales, ranging from very short-term nowcasting to day-ahead forecasting, is essential
for reliable grid operation and energy planning [11]. Conventional statistical approaches,
including persistence models, Autoregressive Integrated Moving Average (ARIMA), and
Auto Regressive Moving Average with eXogenous inputs (ARMAX), are often considered
baseline methods. However, their forecasting accuracy tends to deteriorate significantly
under highly variable weather conditions and over longer prediction horizons, leading to
substantial errors [12,13].

In contrast, artificial intelligence-driven techniques have demonstrated superior pre-
dictive performance. Machine learning models such as Support Vector Machines (SVM),
Random Forests (RF), Extreme Learning Machines (ELM), as well as deep learning architec-
tures, generally achieve lower Root Mean Square Error (RMSE) and Mean Absolute Error
(MAE), while providing higher coefficients of determination (R2) compared to traditional
methods [14].

Several comparative investigations indicate that LSTM networks frequently outper-
form conventional Recurrent Neural Networks (RNN) and GRU in forecasting PV output
and irradiance. Reported results include RMSE values around 67.5 MWh and prediction
error rates near 2.3% [15,16]. For more complex spatiotemporal forecasting tasks, hybrid
deep learning frameworks such as CNN–LSTM models, especially when enhanced with
attention mechanisms, have been shown to further improve forecasting accuracy [17].

Beyond generation forecasting, AI techniques also play a key role in energy dispatch
and operational decision-making. Reinforcement Learning (RL) and Deep Reinforcement
Learning (DRL) strategies have been increasingly applied to optimize the coordination
of PV systems coupled with energy storage in competitive electricity markets, enhancing
profitability while reducing curtailment risks [18]. For instance, an Attentive Convolutional
Deep Reinforcement Learning approach integrating convolutional and attention layers
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achieved revenue gains between 11% and 23%, alongside a curtailment reduction of up to
76% relative to benchmark strategies [17,18].

Moreover, AI contributes to broader PV system advancements, including optimal
sizing, Maximum Power Point Tracking (MPPT) control, fault diagnosis, and predictive
maintenance [19]. Metaheuristic optimization algorithms such as Particle Swarm Optimiza-
tion (PSO), Genetic Algorithms (GA), Artificial Bee Colony (ABC), and hybrid variants have
been widely adopted to improve PV/storage design and control parameters, often surpass-
ing standalone techniques in terms of economic performance and convergence efficiency.

Overall, intelligent solar energy systems increasingly rely on AI-based tools to enhance
forecasting accuracy, detect operational anomalies, and optimize storage management
under real-world conditions [12,13].

Despite considerable progress in Home Energy Management Systems (HEMS), impor-
tant difficulties remain in optimizing energy consumption while preserving user comfort
and ensuring efficient renewable-energy utilization [20]. The intermittent and uncertain
nature of renewable energy sources further complicates energy management and motivates
the development of robust and adaptive control strategies capable of operating under
highly dynamic conditions [21].

Several optimization-based approaches have been investigated to improve energy
dispatch and renewable integration in smart-grid and microgrid environments. Advanced
control strategies, including model predictive control and evolutionary optimization tech-
niques, have demonstrated promising capabilities for reducing operational costs, improving
power scheduling efficiency, and enhancing renewable-energy utilization [22–25]. How-
ever, many of these approaches generally involve increased computational complexity and
may become difficult to deploy on low-cost embedded platforms operating under strict
real-time constraints.

Consequently, practical deployment increasingly requires lightweight and computa-
tionally efficient energy management solutions capable of balancing forecasting accuracy,
operational performance, and embedded implementation feasibility.

To enable the practical deployment of these data-driven and AI-based techniques, re-
cent studies have increasingly relied on embedded-system-based architectures for real-time
data acquisition, monitoring, and control of PV systems. Recent research has also investi-
gated privacy-preserving renewable-energy forecasting frameworks using distributed and
federated learning approaches. For example, federated deep reinforcement learning strate-
gies have been proposed to enable collaborative renewable forecasting while preserving
data privacy across distributed energy systems. Such approaches represent an emerging
research direction for secure and decentralized smart-grid forecasting applications [26].
In large-scale PV installations, embedded platforms integrated with atmospheric sensors
have been employed to continuously monitor PV power output alongside environmental
variables such as temperature, humidity, and irradiance, providing high-resolution input
data for energy management and forecasting applications [27]. Other works have extended
this approach by combining embedded devices with cloud-based infrastructures, enabling
AI-driven prediction and anomaly detection through the integration of PV generation
data, atmospheric measurements, and device status information for power optimization in
large PV plants [28]. Low-cost IoT-based monitoring solutions have also been developed
using microcontroller platforms to improve the accessibility and scalability of PV super-
vision systems [29]. In microgrid environments, embedded controllers combined with
wireless communication modules and distributed sensors have been utilized to monitor
environmental conditions and appliance-level power consumption, contributing to energy
usage reduction and enhanced grid stability [30]. Furthermore, smart PV-based microgrids
deploying embedded platforms such as Raspberry Pi and Arduino Mega, along with com-
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munication switches and energy storage units, have demonstrated effective real-time data
exchange and improved operational control under diverse operating conditions [31].

In this context, this work focuses on the development and experimental validation of
an integrated PV power forecasting and embedded energy management framework for
prosumer-scale systems operating under grid export constraints. The proposed approach
aims to bridge the gap between high-accuracy short-term PV forecasting methods and their
practical deployment within real-time, resource-constrained energy management systems.

The main contributions of this study are summarized as follows:

• The exploitation of one full year of high-resolution (5 min) real-world PV power data
collected from a 111-kW grid-connected rooftop installation, enabling the evalua-
tion of short-horizon (30 min) direct multi-step forecasting under realistic operating
conditions, including measurement noise and data gaps;

• A comprehensive and fair comparison of baseline, tree-based, and deep learning
forecasting models, with explicit consideration of both predictive accuracy and com-
putational efficiency, highlighting the trade-offs between forecasting performance and
suitability for embedded deployment.

• The design, implementation, and real-time deployment of a lightweight and regulation-
aware EMS on a Raspberry Pi 4 platform, demonstrating significant improvements
in photovoltaic self-consumption, grid import reduction, and curtailment mitigation
while strictly complying with grid export limitations.

The remainder of this paper is organized as follows. Section 2 describes the photo-
voltaic system and the real-world dataset used in this study. Section 3 presents the proposed
AI-based PV power forecasting methodology. Section 4 reports and analyzes the forecasting
results. Section 5 details the embedded implementation and performance evaluation on a
Raspberry Pi platform. Section 6 presents the integration of the forecasting framework into
the Energy Management System (EMS). Finally, Section 7 concludes the paper and outlines
future research directions.

2. System Description and Dataset
2.1. Photovoltaic System and Data Acquisition

This study is conducted on a grid-connected rooftop photovoltaic (PV) installation with
a rated capacity of 111 kW, deployed on a university campus under real outdoor operating
conditions. As illustrated in Figure 1, the PV system is embedded within a campus-
scale energy architecture comprising local electrical loads, a utility grid subject to export
constraints, and a real-time embedded Energy Management System (EMS) implemented
on a Raspberry Pi platform. The experimental installation is located at the National
Engineering School of Sfax, Tunisia, which is characterized by a Mediterranean climate with
high solar irradiation and marked seasonal variability. The PV arrays are south-oriented
with a fixed tilt angle adapted to local climatic conditions and interfaced through grid-
connected string inverters. The PV plant represents a typical prosumer-scale installation,
where production variability and short-term power fluctuations can directly affect local
energy usage and interactions with the utility grid. From an operational perspective, such
systems require reliable monitoring and short-term forecasting capabilities to support
informed real-time decision-making, particularly in contexts where grid export is limited
to a fixed fraction of the energy generated.
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Figure 1. Global architecture of the forecasting-assisted real-time embedded energy management
system for a grid-connected university campus under a 30% export constraint.

The PV plant is equipped with a monitoring platform based on a data logger/SCADA
export, which records plant-level PV output power at a fixed temporal resolution of 5 min.
The measured signal corresponds to the electrical power delivered at the inverter AC
output. Solar irradiance measurements are acquired using on-site plane-of-array irradiance
sensors. Unlike synthetic or simulated datasets, real monitoring data inherently include
realistic measurement noise, operational irregularities, and occasional data gaps, making
the resulting dataset representative of practical field deployment conditions.

A 5-min sampling resolution is particularly well suited for short-term operational
studies, as it enables the capture of intra-hour PV dynamics such as cloud-induced fluc-
tuations and rapid power ramps more accurately than coarser resolutions. At the same
time, this resolution remains fully compatible with quasi-real-time EMS operation, where
forecasting, control decisions, and monitoring updates are executed at short and regular
intervals. Consequently, the selected temporal resolution provides a solid basis for develop-
ing short-term PV forecasting models intended to support actionable energy management
decisions within an embedded control framework.

Figure 2 provides a detailed overview of the PV system and the dataset construction
pipeline adopted in this work, from on-site monitoring to the generation of the final yearly
time-series dataset. The figure highlights the real monitoring origin of the data (5-min
resolution), the daily spreadsheet-based export structure, and the subsequent integration,
cleaning, and harmonization steps required to obtain an analysis-ready dataset suitable for
both forecasting model development and EMS integration.

The main characteristics of the PV system and data acquisition setup are summarized
in Table 1.
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Figure 2. Photovoltaic data acquisition and dataset construction pipeline.

Table 1. PV system and acquisition characteristics.

Item Value/Description

PV plant type Grid-connected rooftop PV system
Rated capacity 111 kW
Measurement source Monitoring export (data logger/SCADA)
Measured quantity Plant-level PV output power PPV(t)
Sampling interval 5 min
Study period One full year

2.2. Dataset Structure and Integration

A real-world dataset covering one full year is used in this work. The raw data are
provided as daily spreadsheet files, organized into 12 monthly folders. This structure
is typical of industrial PV monitoring systems, which often generate daily operational
reports rather than research-oriented continuous datasets. As a result, constructing an
analysis-ready yearly time series requires a careful integration and harmonization process.

Each daily spreadsheet is parsed to extract timestamps and measurement columns,
and all files are subsequently concatenated in chronological order. During this integration
step, timestamp formats are standardized into a unified datetime representation to ensure
temporal consistency across the entire dataset. Duplicate timestamps when present due
to repeated exports or monitoring system resynchronization are handled by enforcing
uniqueness at the time index level. This operation is essential to avoid ambiguities in
temporal ordering and to enable reliable time-based analysis.

At a sampling interval of 5 min, the nominal number of samples over one year is
given by:

Nnominal ≈ 365 × 24 × 12 = 105120 (1)

After integration and re-indexing onto a uniform 5-min time grid, the dataset spans
from 1 January 2025 00:00:00 to 1 January 2026 00:00:00, resulting in 105,121 timestamps.
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The dataset includes the plant-level PV output power P(t), solar irradiance G(t) when
available in monitoring exports, and timestamps used for temporal indexing.

For clarity and reproducibility, the variables and units used throughout the paper are
summarized in Table 2.

Table 2. Dataset variables and units.

Variable Symbol Unit Description

PV output power P(t) kW (after
conversion)

Plant-level PV power at
5-min resolution

Solar irradiance (if
available) G(t) W/m2

Irradiance measurement
aligned with PV

timestamps

Timestamp t Min Date and time index
(5-min grid)

2.3. Data Cleaning and Final Dataset Characteristics

Field monitoring data may contain duplicated timestamps, short monitoring interrup-
tions, and anomalous measurements caused by communication failures or export artifacts.
A preprocessing procedure was therefore applied to ensure physical consistency while
preserving realistic operational variability. PV power measurements were expressed in
kilowatts, and a physical plausibility filter based on the rated PV capacity (Prated = 111 kW)
was applied to remove extreme values associated with scaling or conversion errors. After
filtering, the maximum observed PV power was 109.12 kW, consistent with the expected
operating limits of the installation.

All measurement files were integrated and re-indexed onto a uniform 5-min time
grid. Duplicate timestamps were removed, while missing measurements remained below
1.5% of the full dataset (less than five days over the study period). Missing PV values
were not interpolated. Instead, only complete input–output windows containing valid
measurements over both the historical input sequence (L samples) and prediction horizon
(H samples) were retained during supervised sample generation.

Using the selected sliding-window configuration (L = 24, H = 6), a total of 48,666 valid
supervised samples were generated from the original dataset containing 105,121 times-
tamps. The final supervised dataset was divided chronologically into 38,932 training
samples (80%) and 9734 testing samples (20%). The main dataset characteristics and
supervised dataset statistics are summarized in Tables 3 and 4.

Table 3. Yearly dataset summary and quality indicators.

Indicator Value

Time span 1 January 2025 00:00:00 → 1 January 2026
00:00:00

Sampling interval 5 min
Total timestamps (uniform grid) 105,121

Missing PV measurements ≤5 days (≤1.5%)
PV rated capacity 111 kW

Maximum PV after filtering 109.12 kW

Such real-world characteristics combining high temporal resolution with missing
intervals and measurement imperfections make the dataset representative of practical PV
monitoring deployments and provide a realistic basis for evaluating forecasting models
intended for embedded energy management.
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Table 4. Supervised dataset generation statistics.

Processing Step Number of Samples

Total timestamps (uniform grid) 105,121
Valid supervised samples 48,666
Training samples (80%) 38,932
Testing samples (20%) 9734

3. Methodology: AI-Based PV Power Forecasting
This section presents the proposed methodology for short-term PV power forecasting.

The objective is to generate accurate, stable, and computationally efficient short-horizon
predictions at high temporal resolutions to support near real-time energy management
and embedded deployment. The overall forecasting workflow adopted in this study is
summarized in Figure 3, which outlines the complete pipeline from raw measurements to
multi-step PV power predictions used as actionable inputs for an EMS layer.

Figure 3. Overview of the short-term photovoltaic power forecasting methodology and its integration
with the embedded energy management system for anticipative control.

3.1. Forecasting Formulation, Strategy, and Input Features
3.1.1. Forecasting Problem Formulation

Let P(t) denote the PV output power measured at discrete time instant t, sampled at a
constant interval

∆t = 5 min. (2)

The short-term PV forecasting task is formulated as a supervised multi-step regression
problem. Given a historical observation window of length L, the objective is to predict the
PV power over the next H future time steps [32].

The supervised learning formulation is expressed as:

Xt −→ Yt (3)
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where the input sequence is defined as:

Xt=
{

x(t−L+1), . . . , xt

}
, xt = [P(t), Z(t)] (4)

and the corresponding multi-step output vector is:

Yt = [P(t + 1), P(t + 2), . . ., P(t + H)] (5)

Here, Z(t) denotes the vector of exogenous and temporal features associated with
time step t.

In this study, the forecasting parameters are fixed as follows:

L = 24 samples (2 h), H = 6 samples (30 min), ∆t = 5 min (6)

3.1.2. Direct Multi-Step Forecasting Strategy

A direct multi-step forecasting strategy is adopted, in which a single model predicts
the entire forecast horizon simultaneously:

Yt = fθ(Xt) (7)

where fθ(·) represents the forecasting model parameterized by θ.
The proposed forecasting framework intentionally relies on a compact set of locally

available input features to preserve its lightweight embedded implementation charac-
teristics. Although additional meteorological variables may further improve forecasting
accuracy, their integration increases sensing, communication, and computational require-
ments. The selected feature configuration therefore represents a compromise between
forecasting performance and real-time embedded deployability.

3.1.3. Temporal Feature Encoding and Exogenous Inputs

To capture the strong temporal regularities inherent to PV generation, cyclic time
features are incorporated using sinusoidal encoding. For the hour-of-day h(t) ∈ [0, 23] and
the day-of-year d(t) ∈ [1, 365], the temporal feature vector is defined as:

[
sin

(
2πh(t)

24

)
, cos

(
2πh(t)

24

)
sin

(
2πd(t)

365

)
, cos

(
2πd(t)

365

)]
(8)

This representation preserves the periodic nature of daily and seasonal PV patterns
while avoiding artificial discontinuities at cycle boundaries.

When available, solar irradiance measurements G(t) are included as an exogenous
input variable. The inclusion of irradiance information improves the model’s ability to cap-
ture rapid PV power variations caused by transient cloud cover and atmospheric dynamics.

3.2. Forecasting Models and Training Configuration

Several forecasting models are evaluated under the same problem formulation and
data splitting strategy in order to ensure a fair and consistent comparison. The selected mod-
els range from simple reference baselines to advanced deep learning architectures, allowing
the assessment of both forecasting accuracy and suitability for embedded deployment.

3.2.1. Baseline and Tree-Based Machine Learning Models

As a reference benchmark, a persistence model is implemented, defined as:

P̂PV(t + k) = P(t), k = 1, . . . , H (9)
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This model assumes that future PV power remains equal to the most recent
measurement and provides a minimum performance baseline commonly used in PV
forecasting studies.

In addition, two tree-based machine learning models are considered due to their ability
to capture nonlinear relationships while maintaining moderate computational complexity.

A Random Forest model is trained as a multi-output regressor, directly predicting the
full forecast horizon H. The ensemble structure improves robustness against noise and
overfitting, which is particularly relevant when dealing with real monitoring data.

XGBoost (version 1.7.6.) is implemented using a one-regressor-per-horizon-step strat-
egy, where an independent regressor is trained for each prediction step k. This approach
allows each forecast horizon to be modeled with different nonlinear mappings and has
shown strong performance in short-term PV forecasting applications.

3.2.2. Training Setup, Normalization, and Physical Constraints

All input features are normalized using Min–Max scaling, and the models are trained
using a chronological data split to preserve temporal causality.

To ensure physically meaningful predictions, PV power outputs are constrained by
the rated capacity of the system:

0 ≤ P̂PV(t + k) ≤ Prated, ∀k (10)

where Prated = 111 kW. Predictions outside this range are clipped to maintain
physical consistency.

To address the growing interest in physics-informed forecasting approaches and
provide a comprehensive benchmark, a Physics-Informed LSTM (PI-LSTM) model is also
included in the comparative study. Unlike the conventional LSTM, which applies physical
constraints only during post-processing, the PI-LSTM incorporates the rated-capacity
constraint directly into the training objective:

Loss = MSE + λLphys (11)

where λ is a weighting coefficient controlling the contribution of the physical constraint
term. To balance forecasting accuracy and physical consistency, the weighting coefficient
was empirically fixed at λ = 0.01 throughout all PI-LSTM experiments.

Lphys = max
(
0, P̂PV − Prated

)2 (12)

This additional penalty encourages physically consistent predictions while preserving
the same architecture, input variables, and training conditions as the standard LSTM model.
Deep learning models are trained using the Adam optimizer with early stopping and
learning-rate reduction to prevent overfitting and ensure convergence. The complete set of
model architecture and training hyperparameters is summarized in Table 5.

Table 5. Forecasting models and training configuration.

Model Input Variables Architecture/Formulation Training Setup

Persistence PV P̂PV(t + k) = PPV(t) No training

Random Forest PV + G + time Multi-output regressor Depth/trees tuned;
chronological split

XGBoost PV + G + time One regressor per horizon step Moderate depth:
learning-rate tuned

https://doi.org/10.3390/eng7070313
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Table 5. Cont.

Model Input Variables Architecture/Formulation Training Setup

LSTM PV + time/PV + G + time 1 × LSTM (64) → Dense (H)
epochs = 80, batch = 64, Adam,

Early Stopping (pat = 8),
ReduceLR (pat = 4)

GRU PV + time/PV + G + time 1 × GRU (64) → Dense (H) same as LSTM

TCN-fixed PV + G + time
4 dilated blocks (1, 2, 4, 8),

filters = 32, kernel = 3, Flatten
→ Dense (128) → Dense (H)

Epochs = 120, batch = 64, Adam
(1 × 10−3), dropout 0.1–0.2

PI-LSTM PV + time/PV + G + time 1 × LSTM (64) → Dense (H);
Loss = MSE + λL_phys

epochs = 80, batch = 64, Adam,
Early Stopping (pat = 8),

ReduceLR (pat = 4), λ = 0.01

3.3. Evaluation Protocol and Performance Metrics

The forecasting performance was evaluated using a chronological validation protocol
and standard error metrics commonly adopted in short-term PV forecasting studies. A
chronological train–test split was employed to preserve temporal causality and avoid
information leakage from future observations. The supervised dataset generated using
sliding windows was divided into 80% training samples and 20% testing samples. No
random shuffling was applied. For deep learning models, an additional validation subset
was extracted from the training data to support early stopping and adaptive learning-
rate control.

Although a single train–test split was adopted in this study, this evaluation strategy
reflects realistic operational conditions of the proposed EMS, where future PV generation
must be predicted exclusively from historical observations. Future work will investi-
gate rolling-origin and walk-forward validation strategies to further assess long-term
temporal generalization.

Forecasting accuracy was assessed using Root Mean Square Error (RMSE), Mean
Absolute Error (MAE), and normalized RMSE (nRMSE), defined as [33]:

RMSE =

√
1
N ∑N

i=1

(
Pi − P̂i

)2 (13)

MAE =
1
N

N

∑
i=1

| Pi − P̂i | (14)

nRMSE(%) =
RMSE
Prated

× 100 (15)

where Pi and P̂i denote the measured and predicted PV power values, respectively, and N
is the total number of evaluated samples and Prated = 111 kW corresponds to the rated PV
capacity. All metrics were computed after inverse scaling and reported in kilowatts.

Since a direct multi-step forecasting strategy was adopted, errors were aggregated over
the complete prediction horizon H, providing an overall assessment of the capability of
each model to anticipate short-term PV power evolution for embedded EMS applications.

4. Forecasting Results and Analysis
This section presents the results obtained with the proposed short-term PV power

forecasting framework and discusses their implications. Quantitative metrics are first
analyzed to compare the forecasting accuracy of the different models. This is followed by a
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qualitative analysis based on time-series plots and statistical error distributions in order to
assess robustness under realistic operating conditions.

4.1. Quantitative Forecasting Results

The quantitative performance of the evaluated forecasting models for a 30-min predic-
tion horizon (H = 6) is reported in Table 5. The comparison includes a persistence baseline,
a tree-based machine learning model (XGBoost), and four deep learning architectures
(LSTM, GRU, TCN-fixed, and PI-LSTM).

Repeated experiments under different initialization conditions exhibited low vari-
ability and preserved consistent model ranking behavior, confirming the stability and
reproducibility of the obtained forecasting results.

As shown in Table 6, all learning-based models outperform the persistence baseline,
confirming the effectiveness of data-driven approaches for short-term PV forecasting.
Among the evaluated models, LSTM and PI-LSTM achieve the best overall performance,
with LSTM slightly outperforming in purely data-driven accuracy, while PI-LSTM improves
physical consistency. GRU follows closely, while TCN-fixed provides competitive accuracy
with favorable characteristics for embedded deployment.

Table 6. Quantitative forecasting performance for a 30-min horizon (H = 6).

Model RMSE (kW) MAE (kW) nRMSE (%)

Persistence 13.18 6.99 11.88
XGBoost 12.38 7.02 11.15

LSTM (PV + G + time) 11.38 6.07 10.26
GRU 11.54 6.45 10.40

TCN-fixed 12.09 7.42 10.89
PI-LSTM 11.25 11.25 10.18

To assess the variability of the deep learning results, multiple training runs were
performed using different random seed initializations while maintaining the same chrono-
logical data split and hyperparameter configuration. The mean and standard deviation of
the forecasting metrics are reported in Table 7.

Table 7. Forecasting variability across repeated runs.

Model RMSE (kW)
Mean ± Std

MAE (kW)
Mean ± Std

nRMSE (%)
Mean ± Std

LSTM 11.38 ± 0.12 6.07 ± 0.08 10.26 ± 0.11
GRU 11.54 ± 0.15 6.45 ± 0.10 10.40 ± 0.13

TCN-fixed 12.09 ± 0.10 7.42 ± 0.09 10.89 ± 0.09
PI-LSTM 11.25 ± 0.10 6.05 ± 0.07 10.18 ± 0.10

The results indicate consistent forecasting performance across repeated runs for all
deep learning architectures. The standard deviation of nRMSE remains below 0.15% for all
models, demonstrating stable forecasting behavior under different random initializations.

Among the evaluated models, LSTM and PI-LSTM achieve the most stable and accu-
rate performance, with PI-LSTM showing slightly improved robustness due to the inclusion
of physics-informed constraints in the training objective. GRU follows closely, while TCN-
fixed maintains competitive and stable performance with lower computational complexity,
making it particularly attractive for embedded deployment scenarios.

A sensitivity analysis was conducted to evaluate the influence of the historical input
window length on forecasting performance. Different input window sizes were investigated
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while maintaining the same forecasting horizon and training configuration. The results
obtained are summarized in Table 8.

Table 8. Sensitivity of forecasting performance to historical input window length.

Input Window Length nRMSE (%)

12 samples (1 h) 11.42
24 samples (2 h) 10.26
48 samples (4 h) 10.31

The results indicate that very short input windows provide insufficient temporal
context for accurately capturing short-term PV dynamics. Conversely, larger windows
provide only marginal accuracy improvements while increasing computational complex-
ity and memory requirements. The selected configuration (L = 24 samples, correspond-
ing to 2 h) therefore provides the best compromise between forecasting accuracy and
computational efficiency.

4.2. Time-Series Prediction and Robustness Analysis

The qualitative behavior of the forecasting models is illustrated using representative
figures based on the TCN-fixed model, which offers a favorable trade-off between forecast-
ing accuracy and computational efficiency for embedded energy management applications.
As expected in short-term PV forecasting, prediction uncertainty progressively increases
with longer forecasting horizons. Although the present study focuses on a 30-min horizon to
satisfy real-time EMS operational requirements, the proposed framework can be extended
to longer horizons at the cost of reduced forecasting accuracy and increased uncertainty.

Figure 4 shows the comparison between measured and predicted PV power over a
representative 24-h period. The predicted curve closely follows the measured PV output,
accurately reproducing the main diurnal production profile, including the morning ramp-
up, midday peak, and evening ramp-down. These results demonstrate that the TCN model
effectively captures the dominant temporal dynamics of photovoltaic generation despite
real-world variability and measurement noise.

Figure 4. Measured and TCN-predicted PV power over a representative 24-hour period (5-min
resolution).

To evaluate robustness under challenging operating conditions, Figure 5 presents a
zoomed view during periods of rapid irradiance-induced PV power fluctuations. Despite
abrupt changes in the measured signal, the TCN predictions remain stable and responsive,
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with limited lag and no spurious oscillations. This behavior is particularly important for
short-term operational use, as unstable predictions during fast power ramps may negatively
affect downstream energy management and control actions.

Figure 5. Zoomed-in comparison between measured and TCN-predicted PV power during rapid
irradiance-induced fluctuations.

4.3. Error Distribution and Forecast Horizon Analysis

The statistical properties of the forecasting errors obtained with the TCN model are
illustrated in Figure 6, which shows the distribution of prediction errors for the 30-min
forecasting horizon. The error distribution is centered around zero, indicating the absence
of systematic bias. Most errors remain within a relatively narrow range, while extreme
deviations occur infrequently. This confirms that the forecasting performance remains stable
over time, even in the presence of real-world data imperfections and rapid PV variability.

Figure 6. Distribution of TCN forecasting errors for a 30-min prediction horizon.

The effect of the prediction horizon on forecasting accuracy is analyzed in Figure 7,
which reports the evolution of RMSE as a function of the forecast step. As expected,
the prediction error increases gradually with the forecast horizon due to growing un-
certainty. However, the degradation remains moderate over the full 30-min horizon
considered in this study, indicating that the proposed forecasting framework provides
a suitable compromise between anticipation capability and reliability for short-term energy
management applications.
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Figure 7. Evolution of RMSE as a function of the forecast horizon for the TCN model.

To further evaluate the robustness of the proposed forecasting framework, additional
stress tests were conducted under noisy and incomplete input conditions. The selected
perturbation levels were not intended to reproduce a specific failure scenario but rather to
represent realistic monitoring uncertainties commonly encountered in practical PV instal-
lations, including sensor inaccuracies, communication disturbances, and temporary data
losses. Gaussian noise with a standard deviation corresponding to 5% of the normalized PV
signal amplitude was artificially added to the input sequences, while a separate experiment
simulated incomplete monitoring conditions by randomly removing 10% of the input
windows. These values were selected as representative moderate disturbances frequently
adopted in robustness evaluations to assess model sensitivity under degraded measurement
conditions. The corresponding forecast performance is summarized in Table 9.

Table 9. Robustness evaluation under noisy and incomplete input conditions.

Condition nRMSE (%)

Original test data 10.89
+5% Gaussian noise 11.34

10% missing windows 11.52

The results indicate that the forecasting framework remains relatively stable under
both perturbation scenarios. Although forecasting accuracy slightly degrades in the pres-
ence of noisy or incomplete inputs, the increase in nRMSE remains limited, confirming
the robustness of the proposed approach under realistic measurement imperfections and
monitoring disturbances commonly encountered in practical PV installations.

Overall, these results demonstrate that accurate and robust short-term PV power
forecasting can be achieved using high-resolution real-world data. While recurrent neural
network models achieve slightly lower error metrics, the TCN architecture offers a com-
petitive alternative with reduced architectural complexity, smoother temporal behavior,
and favorable inference characteristics. These properties make the TCN model particularly
attractive for deployment in constrained computational environments and for integration
within embedded energy management systems, as discussed in the following section.

5. Embedded Implementation and Performance Evaluation on
Raspberry Pi
5.1. Embedded Platform and Deployment Strategy

The embedded implementation of the proposed EMS was carried out on Raspberry
Pi 4, selected as a representative low-cost edge-computing platform widely adopted in
building energy management and industrial Internet of Things (IoT) applications. This
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platform offers a favorable compromise between computational capability, energy efficiency,
and deployment cost, making it well suited for real-time EMS operation at the building
and campus scale.

The system runs on a Yocto-based optimized Linux operating system, specifically
configured to minimize background services and improve execution determinism. Such a
lightweight operating environment is essential to ensuring stable long-term performance
and predictable timing behavior in real-time embedded EMS applications.

The EMS software stack is implemented in Python 3 for system integration and control
logic, while on-device forecasting inference is performed using the TensorFlow Lite runtime.
All embedded inference experiments were conducted using CPU-only execution on the
Raspberry Pi 4 ARM Cortex-A72 processor. No GPU, TPU, NPU, or external hardware
acceleration mechanisms were employed during either forecasting inference or EMS execu-
tion. This configuration was intentionally selected to evaluate the practical deployability of
the proposed forecasting framework under realistic low-cost edge-computing constraints.
The EMS operates with a fixed control interval of ∆t = 5 min, which is consistent with both
the PV data sampling resolution and the EMS decision-making horizon. Within each control
interval, PV forecasting, EMS decision logic, and data logging are executed sequentially in
a deterministic manner.

Two forecasting models were deployed and evaluated under identical embedded
conditions:

• An LSTM model, retained as a high-accuracy reference model.
• A fixed-parameter TCN-fixed, selected for embedded deployment.

Although LSTM models demonstrated strong offline forecasting accuracy, their re-
current structure and inherently sequential execution resulted in higher computational
overhead and increased inference latency on embedded hardware. In contrast, the convo-
lutional architecture of the TCN enables parallel computation on ARM-based processors,
leading to reduced inference latency and improved computational efficiency.

To further optimize embedded performance, the trained TCN-fixed model was con-
verted to TensorFlow Lite format using FP16 precision and directly integrated into the EMS
execution loop on the Raspberry Pi. This deployment strategy ensures that forecasting,
control decisions, and export constraint enforcement can be executed reliably within each
5-min control cycle.

For reproducibility purposes, the implementation environment and embedded de-
ployment settings adopted throughout the experiments are summarized in Table 10.
These parameters include the software framework, training configuration, deployment
environment, and execution settings used during forecasting model development and
embedded implementation.

Table 10. Embedded platform and implementation/reproducibility configuration.

Parameter Specification

Embedded device Raspberry Pi 4 (ARM Cortex-A72)
Operating system Yocto-based optimized Linux

Operating system kernel Linux kernel 6.1 LTS
Programming language Python 3

Deep learning framework TensorFlow 2.18 (Keras API)
Machine learning library Scikit-learn 1.6

AI inference engine TensorFlow Lite
Deployment mode CPU-only execution

Optimizer Adam
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Table 10. Cont.

Parameter Specification

Initial learning rate 1 × 10−3

Batch size 64
Maximum epochs 120

Early stopping Patience = 8
Learning-rate reduction Patience = 4

Random seed 42
Chronological train–test split 80% training/20% testing

5.2. Embedded Performance Analysis

The embedded performance of the EMS was evaluated in terms of CPU utilization,
RAM usage, and inference latency. All measurements were collected on the Raspberry Pi 4
during real-time EMS operation under CPU-only execution conditions. CPU utilization
and RAM consumption were monitored continuously during 24 h experimental runs,
and the values reported in Table 11 correspond to average resource utilization over the
monitoring period. Inference latency was measured as the execution time required to
perform a single forecasting inference, excluding data acquisition, communication, and
input/output operations. The reported latency values correspond to average inference
latency, while the worst-case latency values represent the maximum observed latency
during experiments. Figure 8 presents the CPU utilization profiles over a continuous 24 h
period for both summer and winter operating conditions, comparing the TCN-fixed and
LSTM implementations.

Table 11. Accuracy–resource trade-off for embedded deployment on Raspberry Pi 4.

Model nRMSE (%) CPU Usage
(%)

RAM
Usage (MB)

Inference
Latency

(ms)

Worst-Case
Latency

(ms)

LSTM 10.26 41.3 512 184 258

GRU 10.40 37.8 468 151 208

TCN-fixed 10.89 24.5 286 73 101

PI-LSTM 10.18 46.8 540 201 289

Figure 8. CPU utilization over 24 h for summer and winter scenarios, comparing TCN-fixed and
LSTM models executed on a Raspberry Pi 4.
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The results show stable CPU usage throughout the day for both models, with short
periodic peaks corresponding to forecasting and EMS decision-making tasks. The TCN-
based implementation consistently exhibits lower CPU utilization than the LSTM-based
model, providing a larger computational safety margin and reducing the risk of processor
saturation during continuous operation.

Memory usage profiles for both seasonal scenarios are illustrated in Figure 9.

Figure 9. RAM usage over 24 h for summer and winter scenarios, comparing TCN-fixed and
LSTM models.

RAM usage remains stable over time with no evidence of memory leaks or pro-
gressive growth. The TCN-fixed model requires significantly less memory than the
LSTM model, confirming its suitability for long-term embedded deployment on resource-
constrained hardware.

Inference latency is a critical performance metric for real-time EMS applications, as
delayed predictions may compromise system responsiveness. Figure 10 compares the
inference latency distributions of the TCN-fixed and LSTM models under summer and
winter operating conditions.

Figure 10. Inference latency comparison for TCN-fixed and LSTM models under summer and
winter scenarios.
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Both models satisfy the real-time constraints imposed by the EMS control interval
(∆t = 5 min). However, the TCN-fixed model consistently achieves lower and more
predictable inference latency than the LSTM model across both seasonal scenarios. This
behavior is primarily attributed to the parallelizable convolutional operations of TCN
architecture, in contrast to the inherently sequential execution of recurrent neural networks.

Although the LSTM model achieves the best forecasting accuracy, the TCN-fixed model
was selected for embedded implementation because it provides a more favorable trade-off
between prediction accuracy and computational resource consumption. To quantify this
trade-off, Table 11 compares the forecasting accuracy and embedded resource utilization of
the LSTM, GRU, TCN-fixed, and PI-LSTM models on the Raspberry Pi 4 platform.

As shown in Table 12, the TCN-fixed model provides the most efficient embedded
performance, achieving the lowest CPU usage, memory consumption, and inference latency
among all evaluated models. In contrast, PI-LSTM introduces additional computational
overhead due to the physics-informed loss formulation, resulting in higher resource con-
sumption compared with both LSTM and TCN-fixed.

Table 12. Model complexity comparison.

Model Trainable Parameters Model Size (MB)

LSTM 18,310 0.070
GRU 14,022 0.053

TCN-fixed 25,190 0.096
PI-LSTM 18,310 0.071

Although PI-LSTM shares the same base architecture as LSTM, the inclusion of the
physics-informed loss does not significantly affect the model size. However, it introduces
additional computational overhead during both training and inference due to the evaluation
of the physics-based constraint.

6. Integration into Energy Management System
6.1. EMS Architecture, Decision Logic, and Mathematical Formulation

The proposed EMS is designed for real-time operation in a grid-connected university
campus equipped with a photovoltaic (PV) generation system [34]. Its main objectives are
to maximize local PV self-consumption, minimize grid imports, and ensure compliance
with grid-imposed export constraints. The EMS follows a lightweight rule-based control
architecture suitable for embedded implementation and operates with a fixed control
interval of ∆t = 5 min. At each time step t = k∆t, the EMS performs discrete control
actions based on instantaneous measurements, short-term PV forecasts, and cumulative
energy constraints.

The choice of a lightweight rule-based EMS was motivated by the real-time and
resource-constrained nature of the targeted embedded platform. Although optimization-
based approaches such as MPC, MILP, and Reinforcement Learning can provide advanced
energy management capabilities, they generally involve higher computational complexity
and more demanding tuning procedures. In contrast, the proposed strategy ensures
deterministic execution, low computational overhead, and reliable operation within the
fixed 5-min EMS control interval implemented on the Raspberry Pi platform.

The EMS evaluation focuses on February and July as representative extreme seasonal
conditions. February reflects a low-irradiance winter scenario, while July represents a high-
irradiance summer scenario with frequent export constraint activation. These operating
conditions were selected to stress-test the EMS under both deficit- and surplus-dominated
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regimes. Future work will extend the evaluation to full-year operation, including transi-
tional seasons and resilience under communication disturbances.

At each control step k, the EMS acquires instantaneous measurements of PV generation
and campus electrical demand, denoted by PPV(k) and PLoad(k), respectively. The total
campus load is decomposed into critical and flexible components as:

PLoad(k) = PCrit(k)+PFlex(k) (16)

where PCrit(k) represents non-deferable loads and PFlex(k) corresponds to controllable loads
managed by the EMS.

The instantaneous power balance between generation and demand is evaluated as:

PSurplus(k)= PPV(k)−PLoad(k) (17)

This variable constitutes the core decision criterion of the EMS and allows distinguish-
ing between surplus operation (PSurplus(k) > 0) and deficit operation (PSurplus(k) ≤ 0).

Under surplus conditions, the EMS prioritizes local PV self-consumption by activating
flexible loads within their operational limits. The remaining surplus power after flexible
load activation is computed as:

PSurplus,rest(k)= PSurplus(k)−PFlex(k) (18)

The cumulative PV energy production since the beginning of the year is updated at
each control step as:

EPV,y(k) = EPV,y(k − 1) + PPV(k)
∆t
60

(19)

The maximum authorized exported energy is defined as a fraction of the cumulative
PV energy:

EExport,max(k) = αEPV,y(k), α = 0.3 (20)

The cumulative exported energy is updated as:

EExport,y(k) = EExport,y(k − 1) + PExport(k)
∆t
60

(21)

The remaining export margin available at each control step is therefore:

EQuota,rest(k) = max
(
0, EExport,max(k)−EExport,y(k)

)
(22)

If the remaining export quota is positive, grid export is enabled and limited by the
available surplus, the technical grid constraint, and the remaining annual quota:

PExport(k) =min
(

PSurplus,rest(k), Pmax
Grid,

60
∆t

EQuota,rest(k)
)

(23)

Otherwise, surplus curtailment (non-remunerated injection) is applied.
When the system operates in deficit mode, grid import ensures supply continuity:

PImport(k) = max(PLoad(k)− PPV(k), 0) (24)

In deficit operation, the EMS exploits short-term PV power forecasts that are recom-
puted at every 5-min control interval. At each control step k, a new multi-step forecast
over a prediction horizon H (e.g., H = 6, corresponding to 30 min) is generated and used
in a rolling-horizon manner to anticipate near-future operating conditions. An imminent
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surplus condition is identified when at least one forecasted step within the prediction
horizon satisfies:

∃ h ∈ {1, . . . , H} such that P̂PV(k + h) > PLoad(k + h) (25)

When this condition is satisfied, selected non-critical loads are deferred to the next con-
trol interval. Importantly, this forecast-based mechanism does not alter the instantaneous
power balance or grid import at time step k; it only affects future load scheduling decisions,
thereby increasing PV self-consumption without compromising critical load supply.

For supervision and regulatory compliance, the EMS continuously monitors the export
ratio defined as:

EExport,ratio(k) =
EExport,y(k)

max
(
EPV,y(k), ε

) (26)

where ε is a small positive constant introduced to avoid division by zero.

6.2. Campus Electrical Equipment and Load Classification

The university campus electrical demand is composed of heterogeneous equipment
with different operational constraints and flexibility levels. Table 13 summarizes the main
equipment categories considered by the EMS, together with their rated power, operating
duration, and daily energy consumption.

Table 13. Electrical equipment classification and daily energy consumption.

Category Equipment Rated Power
(kW)

Operating
Time (h/Day)

Energy
(kWh/Day) Flexibility

Critical loads Data center & network 20 24 480 None
Security systems (CCTV) 3 24 72 None

Emergency lighting 2 24 48 None

Semi-critical loads Classroom lighting 10 8 80 Low
Elevators 6 4 24 Low

Flexible loads HVAC systems 20 6 120 Medium
Computer labs 10 4 40 High

Electric water heaters 5 2 10 Medium
Refrigeration units 4 6 24 Medium

Total ≈898 kWh/day

The EMS flowchart (Figure 11) provides an intuitive representation of the real-time
decision logic, explicitly distinguishing instantaneous power management from cumulative
annual energy constraints.

6.3. EMS Operational Performance and Impact Assessment

The operational performance of the proposed EMS is evaluated through monthly
simulations conducted over 30 consecutive days under two contrasted seasonal conditions:
February (winter) and July (summer). The assessment relies on four key performance
indicators commonly used to quantify PV integration efficiency at the local level: the
self-consumption rate (SC), the self-sufficiency rate (SS), the export ratio (ER), and the
curtailment ratio (CR).

SC =
Econs

PV

Egen
PV

(27)

SS =
Econs

PV
Eload

(28)
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ER =
Eexp

PV

Egen
PV

(29)

CR =
Ecurt

PV

Egen
PV

(30)

where Egen
PV denotes the total PV energy generated, Econs

PV the fraction of PV energy directly
consumed on-site, Eexp

PV the energy exported to the grid, Ecurt
PV the curtailed PV energy, and

Eload the total campus electrical demand over the considered period.

 

Figure 11. Flowchart of the proposed embedded energy management system (EMS).
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The resulting quantitative performance indicators are summarized in Table 10, while
the corresponding demand reshaping behavior and PV power allocation mechanisms are
illustrated in Figures 12–15. All results explicitly account for the regulatory constraint
limiting PV exports to 30% of the cumulative PV energy generated (annual export quota),
reflecting realistic grid-integration conditions.

Figure 12. Average campus load profiles with and without EMS compared to mean PV generation in
July. The shaded area represents the P10–P90 range of PV production over 30 days.

Figure 13. Average campus load profiles with and without EMS compared to mean PV generation in
February, including PV production variability over the same period.

As reported in Table 14, the introduction of the EMS significantly improves photo-
voltaic self-consumption (SC) in both seasons. In July, characterized by high solar avail-
ability, SC increases from 61.21% ± 2.37% without EMS to 84.56% ± 3.68% with EMS
operation, representing an absolute gain of more than 23% points. In February, despite
lower PV production and higher variability, SC is also enhanced from 69.50% ± 13.29% to
81.50% ± 10.33%.
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Figure 14. Mean PV export and curtailment profiles in July with and without EMS under a 30%
export quota, averaged over 30 days.

Figure 15. Mean PV export and curtailment profiles in February with and without EMS under the
same export constraint.

Table 14. Monthly performance indicators of the campus PV system with and without EMS
(mean ± std over 30 days).

Month Case SC (%) SS (%) ER (%) CR (%) Grid Import
(kWh/Day)

PV Export
(kWh/Day)

Curtailment
(kWh/Day)

February
Without

EMS 69.50 ± 13.29 37.00 ± 11.13 24.67 ± 9.31 5.83 ± 5.07 540.53 ± 95.51 135.56 ± 66.95 35.27 ± 31.14

Proposed
EMS (30%

quota)
81.50 ± 10.33 45.53 ± 13.34 18.45 ± 10.29 0.04 ± 0.21 444.15 ± 78.20 106.62 ± 68.69 0.27 ± 1.42

July
Without

EMS 61.21 ± 2.37 44.19 ± 3.80 30.00 ± 0.00 8.79 ± 2.37 501.19 ± 34.12 194.80 ± 18.79 57.73 ± 17.74

Proposed
EMS (30%

quota)
84.56 ± 3.68 61.37 ± 3.02 15.41 ± 3.68 0.00 ± 0.00 343.70 ± 22.17 102.13 ± 31.72 0.00 ± 0.00

Impact of Forecast-Assisted EMS Operation

To isolate the direct contribution of the PV forecasting module, an additional EMS
operating scenario is introduced. This scenario, referred to as reactive EMS, uses the same
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rule-based decision logic and export limitation mechanism as the proposed EMS, but it
does not use short-term PV forecasts. Decisions are therefore based only on instantaneous
PV generation and load measurements. In contrast, the proposed forecast-assisted EMS
uses the 30-min PV power forecast in a rolling-horizon manner to anticipate upcoming
surplus conditions and schedule flexible loads accordingly.

This comparison isolates the direct contribution of the forecasting module from the
general benefits associated with rule-based EMS operation. The results show that the
forecast-assisted EMS provides additional gains compared with the reactive EMS, partic-
ularly during high-PV periods. By anticipating future surplus generation, the proposed
approach improves the temporal alignment between PV production and flexible demand,
leading to higher self-consumption, lower grid import, and reduced curtailment.

Table 15 summarizes the comparative performance of the reactive EMS and the pro-
posed forecast-assisted EMS under the imposed export constraints.

Table 15. Comparison between reactive EMS and proposed EMS operation under export constraints.

Month EMS Strategy SC (%) Grid Import
(kWh/Day)

Curtailment
(kWh/Day)

February Reactive EMS 76.8 ± 11.2 476.3 ± 84.5 8.9 ± 6.3
Forecast-assisted EMS 81.50 ± 10.33 444.15 ± 78.20 0.27 ± 1.42

July Reactive EMS 78.9 ± 4.1 389.4 ± 28.7 12.8 ± 6.2
Forecast-assisted EMS 84.56 ± 3.68 343.70 ± 22.17 0.00 ± 0.00

The results demonstrate that integrating short-term PV forecasting into the EMS
provides measurable operational improvements compared with purely reactive control.
In February, forecast-assisted EMS increases PV self-consumption by approximately 4.7%
points while reducing grid import by about 32 kWh/day. In July, characterized by higher PV
surplus conditions, the improvement reaches approximately 5.6% points, with a reduction
in grid import of nearly 46 kWh/day. These results indicate that the benefits of forecast-
assisted operation are more pronounced during periods of high PV generation, whereas
smaller differences are observed under lower PV production conditions.

These improvements are primarily driven by the load-reshaping strategies imple-
mented by the EMS. As shown in Figures 12 and 13, flexible loads are systematically shifted
toward periods of higher PV availability around midday. This redistribution improves the
temporal alignment between local generation and demand without increasing total energy
consumption, thereby maximizing direct PV utilization.

The improved PV–load alignment under EMS operation leads to a substantial reduc-
tion in grid energy imports. According to Table 15, average daily grid imports in July
decrease from 501.19 ± 34.12 kWh/day to 343.70 ± 22.17 kWh/day, corresponding to a
relative reduction of approximately 31%. In February, grid imports are reduced by about
18%, from 540.53 ± 95.51 kWh/day to 444.15 ± 78.20 kWh/day.

In parallel, the EMS significantly reduces PV export volumes. In July, average PV
exports drops from 194.80 ± 18.79 kWh/day without EMS to 102.13 ± 31.72 kWh/day with
EMS activation. This confirms that a larger fraction of the PV generation is consumed locally
rather than injected into the grid. This behavior is clearly illustrated in Figures 14 and 15,
where export peaks are attenuated and temporally smoothed when the EMS is active.

Under the 30% export quota, PV curtailment becomes significant in the absence of
coordinated energy management, particularly during summer. As shown in Table 11,
average curtailment in July reaches 57.73 ± 17.74 kWh/day without EMS. With EMS
operation, curtailment is eliminated throughout the simulated period.
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In February, curtailment levels are inherently lower due to reduced PV generation;
however, the EMS still reduces curtailment from 35.27 ± 31.14 kWh/day to nearly zero
(0.27 ± 1.42 kWh/day). These results demonstrate the robustness of the proposed EMS
across contrasting seasonal conditions and confirm its ability to maintain compliance with
export constraints while minimizing renewable energy losses.

The combined analysis of Table 15 and Figures 12–15 highlights the clear seasonal
dependency of EMS benefits. During summer months, the EMS delivers pronounced gains
by mitigating export saturation, eliminating curtailment, and substantially reducing grid
imports. In winter, although PV surplus is less frequent, the EMS still provides consistent
improvements through enhanced PV self-consumption and demand alignment.

Overall, these results confirm that a lightweight, rule-based EMS driven by short-term
PV forecasting can effectively enhance campus-level energy performance while respecting
regulatory constraints. The observed improvements are achieved without relying on
complex optimization solvers, reinforcing the practical feasibility and scalability of the
proposed approach for real-world deployment.

7. Conclusions
This study presents an integrated framework for short-term PV power forecasting and

embedded energy management tailored to prosumer-scale systems operating under grid
export constraints. The proposed approach was validated using one year of high-resolution
(5-min) real-world data collected from a 111 kW rooftop PV installation.

A direct multi-step forecasting strategy with a 30-min prediction horizon was eval-
uated using baseline, tree-based, and deep learning models. Among them, the LSTM
achieved the highest forecasting accuracy in terms of nRMSE (≈10.26%), while the PI-
LSTM further improved physically consistent predictions by embedding physics-based
constraints directly into the learning process.

Although the TCN-fixed model exhibited slightly lower predictive accuracy, it pro-
vided significantly reduced CPU utilization, memory consumption, and inference latency,
making it particularly suitable for real-time embedded deployment.

The forecasting models were integrated into a lightweight rule-based Energy Man-
agement System (EMS) and deployed on a Raspberry Pi 4 using TensorFlow Lite. Com-
parative EMS results showed that the proposed forecast-assisted strategy increased PV
self-consumption by more than 20 percentage points, reduced grid imports by up to 31%,
and virtually eliminated PV curtailment while respecting a 30% export limitation.

Although the framework was validated on a single university-campus PV installation,
the results may be influenced by site-specific operational and climatic conditions. Never-
theless, the proposed architecture remains transferable to other grid-connected PV systems
through appropriate retraining and parameter adaptation.

Overall, the proposed framework effectively bridges accurate short-term PV fore-
casting and practical embedded energy management, offering a scalable, low-cost,
and regulation-compliant solution for smart buildings, prosumer energy communities,
and campus-scale energy systems under increasing renewable penetration and grid
export constraints.
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