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The intermittent nature of solar and wind generation creates a mismatch between supply and demand that has been a major
impediment to the reliability and efficiency of our nation’s power grid. To compensate for these mismatches, grid operators
have had to utilize additional sources of generation to ensure system stability. The purpose of this research is to investigate if
an Autoregressive Model developed from actual hourly energy generation/demand data collected from the National Power Grid
and weather/environmental data could accurately predict hourly energy generation/demand to aid in the analysis of the residual
of the power grid. A total of 12 months of CAISO Net Load Data were used to develop an autoregressive model to forecast
hourly energy demand, while renewable generation was forecasted by combining the CAISO Renewable Generation Data with
the SolarAnywhere Environmental Irradiance Variables as Exogenous Inputs. All data sets were aligned, normalized and divided
into two parts based on time (80% training data, 20% test data), and lagged features were created for forecasting. Both for
energy generation and demand, we tested four different types of regression algorithms: MLPRegressor, SGDRegressor, Gaussian
Process Regressor, and Random Forest Regressor. The best models were a two-layer Multilayer Perceptron (R²=0.84) for
demand, and Stochastic Gradient Descent Regressor with environmental inputs (R²=0.84) for generation. When integrated into
an analysis of forecasted residuals (predicted demand minus generation), the system outperformed the baseline single-window
model by approximately 137% (R²=0.71). This combined model is used as a decisional framework, with positive and negative
outputs suggesting to release or store energy in the grid, respectively. Unlike traditional models that rely on predicting net
energy load directly, this study models supply and demand independently, introducing a more novel, efficient structure. The use
of autoregressive models on top of complex deep learning frameworks gives us an approach with high interpretability, simplicity
and good performance compared to previous methods.

Keywords: Renewable Energy Forecasting, Machine Learning, Smart Grids, Autoregressive Modeling, Energy Demand
Forecasting, Renewable Generation Forecasting, Grid Residual Analysis

Introduction

In 2023, California curtailed over 2.4 million megawatt-hours
(MWh) of renewable energy, largely due to midday solar
oversupply1. With an emphasis on using sustainable energy
sources such as solar and wind, there is now a global move-
ment to make renewable energy a significant part of how we
produce our electricity. This transition to using sustainable en-
ergy has changed the design of today’s electrical networks by
reshaping the topology, composition, and dynamics. Contem-
porary proliferation of renewable power generation is caus-
ing an overhaul in the topology, composition, and dynamics
of electrical grids, with low-output, intermittent generators
now widely distributed throughout the grid, including at the
household level2. Solar energy is the most prevalent energy
source on Earth, and its economic efficiency and optimality
is improving rapidly through increasing investments. How-
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ever, global decarbonization efforts require zero-carbon en-
ergy sources to be widely deployed by 2050 or 20603, while
fossil fuels still contributed 61.3% of global electricity gener-
ation in 20204. Although renewable energy sources are essen-
tial for reducing greenhouse gas emissions, the forecastabil-
ity of solar PV output is heavily influenced by weather con-
ditions, such as rainy, cloudy, and sunny days5, introducing
variability into grid operations. Solar irradiance changes with
cloud cover and atmospheric conditions, while wind genera-
tion varies with changing weather patterns6. The intermittent
nature and geographical limitations of solar and wind systems
have increased interest in hybrid renewable energy solutions,
yet the fundamental challenge of balancing electricity supply
and demand remains7. Renewable energy sources are funda-
mentally intermittent, which means they rely on the availabil-
ity of natural resources like the sun and wind rather than con-
tinuously producing energy. This creates frequent mismatches
between electricity supply and demand that require grid oper-
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ators to curtail excess generation or rely on energy storage sys-
tems8. Therefore, improving short-term forecasting accuracy
is crucial for enhancing grid reliability and reducing energy
waste.

Recent advances in machine learning (ML) and deep learn-
ing (DL) have allowed for the creation of forecasting sys-
tems capable of modeling the nonlinear temporal relation-
ships that encapsulate renewable energy generation and de-
mand. Forecasting has become an essential component of
the power and energy industry, with researchers developing
thousands of models for predicting electricity demand, prices,
and renewable generation9. As renewable energy penetra-
tion continues to increase, accurate forecasting has become
increasingly important for efficient grid operation and energy
management, while the limitations of traditional forecasting
methods have encouraged the adoption of ML and DL al-
gorithms because of their ability to capture complex nonlin-
ear patterns10. For solar power specifically, a comprehen-
sive review of photovoltaic forecasting techniques has sum-
marized methods ranging from physical models to neural net-
work approaches11, while ensemble learning methods com-
bining extreme gradient boosting and deep neural networks
have demonstrated effective forecasting of hourly solar irra-
diance12. For wind forecasting, researchers have identified
uncertainty as one of the primary barriers to large-scale grid
integration and have shown that machine learning provides
an effective forecasting approach13. Wind power prediction
based on high-frequency SCADA data combined with isola-
tion forest preprocessing and deep learning neural networks
has also demonstrated strong one-hour-ahead forecasting per-
formance14. Comparisons of 24 machine learning models
for day-ahead photovoltaic forecasting have further shown
that model selection and hyperparameter tuning significantly
affect prediction accuracy15. However, recent studies have
also questioned whether increasingly complex architectures
always improve forecasting performance, reporting that sim-
pler linear models can outperform Transformer-based meth-
ods for long-term time-series forecasting16. Graph neural net-
works have demonstrated strong capability in modeling mul-
tivariate time-series data by exploiting latent spatial relation-
ships17, while the Informer architecture was introduced to ef-
ficiently capture long-range temporal dependencies in long-
sequence forecasting problems18.

Energy demand forecasting presents equally important
challenges for modern power systems. Global electricity de-
mand for residential and commercial applications has con-
tinued to increase despite persistent inadequacies in electric-
ity generation capacity19. Accurate electricity demand and
price forecasting are essential for both market participants
and system operators, yet forecasting remains difficult be-
cause of factors such as volatility, long-term trends, seasonal
effects, calendar effects, and sudden demand spikes20. Ma-

chine learning methods have become increasingly popular al-
ternatives to traditional statistical techniques for short-term
load forecasting21. Smart grids have made accurate demand
forecasting even more important, especially as artificial in-
telligence, big data, and the Internet of Things become more
common in modern power systems22. As these technologies
are adopted more widely, accurate forecasts help grid opera-
tors balance electricity supply and demand while keeping the
grid stable and efficient23. Deep learning models have shown
strong potential for learning complex customer demand pat-
terns across multiple forecasting horizons24, while AI and ML
have also emerged as important technologies for demand-side
response because they enable near real-time decision-making
using large-scale datasets25.

Despite these advances, most existing approaches focus on
forecasting net load directly or predicting renewable genera-
tion independently rather than separating electricity demand
and renewable generation into distinct, interpretable mod-
els. Time-series modeling remains an effective approach for
analyzing future power system performance using historical
data26, yet integrating independent demand and generation
forecasts into operational decision-making remains relatively
underexplored. The increasing penetration of renewable en-
ergy has made net-load forecasting an increasingly important
challenge for power system planning and operation27. In ad-
dition, accurate net-load forecasting is critical for quantify-
ing uncertainty at the distribution level and supporting reliable
grid operation28. Renewable curtailment has also become a
significant issue in many countries due to the rapid growth of
wind and solar generation capacity29. Researchers have ex-
plored forecasting, energy storage, and curtailment as ways to
make better use of renewable energy30. Large-scale battery
storage can help balance electricity generation and demand,
and lithium-ion batteries are commonly used because of their
efficiency, long cycle life, and high energy density31. How-
ever, most forecast models today do not produce the residual
of supply and demand as a direct output to help in decision
making regarding battery storage scheduling and grid man-
agement.

This research examines if an auto-regressive Machine
Learning model developed with actual grid and environmen-
tal data can forecast short term electricity demand, renewable
generation, and provide operational power imbalance analy-
sis. The method of forecasting electricity demand and renew-
able generation individually and then combining them for a
power imbalance analysis is different than traditional meth-
ods which directly forecast net-load. Two forecasting prob-
lems were examined: (1) electricity demand forecasting us-
ing historical CAISO net-load data, and (2) renewable gen-
eration forecasting using CAISO renewable generation out-
put and environmental predictors from SolarAnywhere. Ran-
dom Forest, Gaussian Process Regression, SGD Regression,
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and Multi-Layer Perceptrons were used as machine learning
models. These forecasts were then used to estimate when re-
newable energy production would be above or below demand,
which provides support to guide battery storage, reduce un-
necessary curtailment, and improve grid management.

Methodology

Overview of the Model

An overview of the process used for this algorithm is shown
in Figure 1.

Figure. 1 Overview of the proposed renewable grid forecasting
pipeline, illustrating data preprocessing, independent energy demand
and generation modeling, and integration into the final analysis of
forecasted residuals for energy

Data Acquisition

CAISO Hourly Standardized Dataset
The California Independent System Operator (CAISO)32

standardized hourly dataset was used as the primary grid data
source, as shown in Figure 2 and 3.

The dataset provided:

• Total grid load, “net load”, (MW) — used for demand
forecasting

• Renewable generation values, “renewables”, (MW) —
used for generation forecasting

• Hourly timestamps (PST)

One year worth of data (January 2025 – December 2025)
was imported directly into Python using pandas and sorted
chronologically to preserve time-series structure. Figure 2
presents the training data of CAISO Net load, and Figure 3
presents the training data of CAISO Renewables.

Solar Anywhere Dataset
To model renewable generation drivers, Solar Anywhere data
were integrated33. The following environmental variables
were used:

• Global Horizontal Irradiance, “GHI”, (W/m2), which
measures the total solar radiation received on a horizontal
surface. This data is graphed in Figure 4.

Figure. 2 Scaled training data for CAISO net load over time, show-
ing the normalized hourly fluctuations used to train the demand fore-
casting model.

Figure. 3 Scaled training data for CAISO renewables over time,
showing the normalized hourly fluctuations used as outputs to train
the generation forecasting model.

• Direct Normal Irradiance, “DNI”, (W/m2), which mea-
sures the amount of direct solar radiation received by a
surface positioned perpendicular to the sun’s rays.

• Diffuse Horizontal Irradiance, “DHI”, (W/m2), which
measures scattered solar radiation reaching the surface,
especially under cloudy or shaded conditions.

• Air temperature, “temp air”, (◦C), which captures tem-
perature changes that affect photovoltaic panel efficiency
and electrical conversion performance.

• Wind speed, “wind speed”, (m/s), which captures wind
conditions that affect changes in renewable energy gen-
eration and photovoltaic panel temperature.

The selection of these variables is due to their direct im-
pact on photovoltaic (PV) efficiency and therefore renewable
energy production. The data used in this study was gathered
from January 2025 – December 2025. Time stamp alignment
with CAISO’s hourly interval allowed for the merging of data
sets to provide a consistent time frame of analysis. Figure
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4 represents the scaled training data for the Solar Anywhere
GHI.

Figure. 4 Scaled training data for Solar Anywhere Global Horizontal
Irradiance (GHI) over time, showing the normalized hourly fluctua-
tions used as inputs to train the generation forecasting model

Data Preprocessing

The first step was to check for nulls/missing data and then
clean them out of each of the datasets. After checking that
all of the timestamp entries followed an hourly pattern (i.e.,
every hour there is a record), each of the datasets were sorted
by time. Strict time ordering was maintained to prevent future
data from influencing past predictions.

The data were then split 80/20 based on time, with the first
80 percent used for training and the final 20 percent used for
testing. This approach replicates real-world forecasting while
preventing data leakage from random sampling.

Feature scaling was performed using Z-score normaliza-
tion:

Xscaled =
(X −µ)

σ

where µ and σ are the mean and standard deviation calcu-
lated from the training data. The same values were then used
to scale the test set.

Feature Engineering

Autoregressive Lag Construction
The CAISO Standardized Hourly Dataset for total grid load,
or “net load” (MW), was used to build the autoregressive de-
mand model. For both forecasting tasks, lagged features were

created using past values of the target variable. For a given
time step,

yt = f (yt−1,yt−2, . . . ,yt−n)

where yt−k represents the value of the target variable at lag
k 34. The lag window size n was varied to test how it affected
model performance. This allowed the models to account for
patterns over time in electricity demand and renewable gener-
ation.

In addition to including environmental data at each timestep
as an exogenous variable (variables that are in the same time-
frame as the main time series), for renewable generation fore-
casting purposes, these variables were added to the formula-
tion:

yt = f (yt−1, . . . ,yt−n,Xt)

where Xt represents irradiance and weather-related features.

Recursive Multi-Step Forecasting
The SolarAnywhere environmental variables (GHI, DNI,
DHI, air temperature, and wind speed) were used to predict re-
newable generation, or “renewables” (MW), from the CAISO
Standardized Hourly Dataset. Recursive forecasting was used
for multi-step predictions. The model first predicted one hour
ahead and then used that prediction as a lag input for the fol-
lowing hour. This process was repeated across the forecast
period, since the actual values for future time steps would not
be available during real-world forecasting.

Model Development and Benchmarking

Four regression models were tested and compared. For the
Random Forest Regressor, 200, 400, 800, and 1600 estimators
were tested. Hyperparameters were chosen through manual
experimental tuning, where a small set of reasonable values
was tested and the configuration with the highest test R2 was
selected while also considering stable training behavior. In a
Random Forest model, each estimator is an individual deci-
sion tree within the larger ensemble. Each tree is trained on
a bootstrap sample of the data, and the predictions from all
the trees are then averaged to produce the final output. The
n estimators parameter determines the number of deci-
sional trees in the forest. In general, adding more trees helps
reduce variance and makes the model’s predictions more sta-
ble. However, as the number of trees continues to increase, the
improvements become smaller while the computational cost
continues to grow.

The Gaussian Process Regression model was assessed as
a way to represent non-linear relationships. However, it had
a high computational burden and a lack of scalability. Con-
versely, the SGD Regressor was used as a computationally
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efficient linear base-line; the model’s parameters were opti-
mized by iteratively performing stochastic gradient descent.
The MLP model was evaluated based on architectures with
one, two, or three hidden layers, and each hidden layer con-
tained 100 neurons. Hyper-parameters such as the learning
rate and number of iterations were determined experimentally
to maximize model performance.

The models’ performance was measured by their Coeffi-
cient of Determination (R2), Mean Absolute Error (MAE) and
Root Mean Square Error (RMSE). These three metrics pro-
vide an assessment of model performance from a quantitative
perspective. Also, all three metrics meet the requirements of
the established Engineering Research Plan. The final models
that were used on the test data included a two layer multi-layer
perceptron (MLP) autoregressive model to forecast energy de-
mand; and a Stochastic Gradient Descent Regressor (SGDR)
model with lagged input variables and environmental inputs to
forecast renewable generation.

Analysis of Forecasted Residuals

Following independent training and benchmarking, the best-
performing models for each forecasting task were selected:
the two-layer MLP for energy demand and the SGDRegres-
sor with lagged and environmental inputs for renewable gen-
eration. Then, both models were saved and combined to ana-
lyze the forecasted residuals. This framework evaluates real-
world grid balancing performance by calculating the predicted
power imbalance at each time step as the difference between
predicted electricity demand and predicted renewable gener-
ation. The resulting imbalance indicates whether the grid is
expected to experience a renewable energy surplus.

To align the timestamps, the predicted outputs from both
models were flattened and synchronized using identical hourly
timestamps. The predicted power imbalance was then com-
pared against the actual observed imbalance using the coeffi-
cient of determination (R2), mean absolute error (MAE), and
root mean square error (RMSE). This comparison made it pos-
sible to evaluate how forecasting errors propagate when the
independently predicted supply and demand values are inte-
grated.

Results

Energy Demand Model Experiments

Table 1 compares the regression models tested for energy de-
mand forecasting using a 24-hour autoregressive window and
a time-based test set. For each experiment, the configuration
with the highest test R2 that also trained stably was selected.
The Random Forest Regressor gave fairly consistent results as
the number of trees increased from 200 to 1600. Its R2 stayed

Model R2 MAE (MW) RMSE (MW)
SGDRegressor 0.23 6350 7530

MLP (1 Layer) 0.67 3615 4943

MLP (2 Layers) 0.84 2522 3786

MLP (3 Layers) −13.3 26255 32374

Model n estimators
RandomForest 200 0.55 4065 5696

RandomForest 400 0.55 4077 5716

RandomForest 800 0.55 4135 5747

RandomForest 1600 0.55 4097 5721

Table 1 Energy demand model experiment results. A GaussianPro-
cessRegressor, SGDRegressor, MLP (1, 2, 3 layers), and Random-
ForestRegressor (200, 400, 800, 1600 estimators) was tested, and
compared over R2, MAE, and RMSE. Time window used was 24
hours across all models.

around 0.55, and the MAE and RMSE changed only slightly
between configurations. There was also little improvement af-
ter 200 trees, suggesting that adding more estimators was no
longer providing much additional variance reduction. Gaus-
sian Process Regression was also tested, but its performance
was poor and resulted in negative R2 values, so it was not in-
cluded in the table. The SGD Regressor had high error values
as well and did not generalize as well to the test data. The
MLP models performed considerably better. The one-layer
MLP reached an R2 of 0.667, and increasing the network to
two hidden layers improved the R2 to 0.835, with an MAE
of 2522.24 MW and an RMSE of 3786.94 MW. This was the
strongest performance among the models tested. For context,
California’s peak electricity demand is approximately 50,000
MW, so an average error of 2,522 MW is about 5% of peak de-
mand. This provides the two-layer MLP with a comparatively
small forecasting error when considering the total magnitude
of electricity demand and makes it suitable for use as an oper-
ational forecasting tool for short-term applications. Adding a
third hidden layer to the MLP degraded the performance of the
model, which is likely a result of over-fitting. Based upon how
well the two-layer MLP performed on the held-out test data, it
was chosen as the energy demand forecasting model to be used
in the analysis of residual forecasts. Figure 5 illustrates how
closely the two-layer MLP followed the overall shape of the
observed demand signal, capturing both daily demand cycle
behaviors and extreme peak period events. Although a few de-
viations can be seen near the local maximums and minimums,
the predicted values are generally aligned with the actual de-
mand profile (i.e., demand over time), which demonstrates that
the model has high time-based forecasting ability.

Energy Generation Model Experiments

The renewable energy generation forecasting experiments
were conducted on autoregressive models (ARX) where the
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Figure. 5 Actual and predicted energy demand over time, highlight-
ing how the model tracks daily demand swings and peak usage pat-
terns. Blue line: actual demand; Orange line: predicted demand.

independent variable is an environmental input. A 24-hour
lag window was used for this model. As in the case of de-
mand forecasting, the best performing model from the config-
uration that had stable training was chosen based upon its test
R2 value. For the ensemble models, the Random Forest ARX
with 200 estimators performed the best, achieving R2 = 0.84,
MAE = 1788.58 MW, and RMSE = 2542.39 MW, as shown in
Table 2. However, increasing the number of estimators to 400
and 800 did not improve the results. R2 slightly decreased,
while both MAE and RMSE increased. This suggests that the
Random Forest had already reached most of its performance
improvement at 200 estimators, and adding more trees pro-
vided little additional benefit. Classical regression approaches
showed mixed results: Gaussian Process Regression and MLP
2 layers performed poorly with negative R2, and hence was
not mentioned in the table; SGD Regressor achieved strong
performance (R2 = 0.76) as shown in Table 2. The three-layer
configuration also underperformed relative to simpler archi-
tectures. These results indicate that, in terms of forecasting
renewable generation with environmental inputs, the ensemble
tree-based models exhibited the most advantageous combina-
tion of forecast accuracy and forecast stability. Based upon
the held-out test data set performance of all the models eval-
uated in this study, the Random Forest ARX model using 200
estimators was identified as the preferred renewable genera-
tion forecasting model for use in the analysis of forecasted
residuals. Figure 6 also provides an illustration of how well
the Random Forest ARX model predicts renewable genera-
tion. The figure shows that the Random Forest ARX model
is able to accurately predict the daily generation cycle of re-
newable energy sources as well as the major generation peaks.
While the Random Forest ARX model may slightly underesti-
mate certain peaks in renewable generation output during high
renewable generation days, the predicted and observed renew-
able generation curves are generally aligned throughout the
entire evaluation period which demonstrates a high degree of
forecast stability under varying environmental conditions.

The renewable generation forecasts were produced using a
recursive multi-step forecasting strategy, in which each pre-

Model R2 MAE (MW) RMSE (MW)
SGDRegressor 0.76 1788 2542

MLP (1 Layer) 0.73 2535 3320

MLP (3 Layers) 0.51 3444 4500

Model n estimators
RandomForest 200 0.84 2265 2902

RandomForest 400 0.78 2344 3003

RandomForest 800 0.78 2340 2999

Table 2 Energy generation model experiment results. A Gaussian-
ProcessRegressor, SGDRegressor, MLP (1, 2, 3 layers), and Ran-
domForestRegressor (200, 400, 800 trees) was tested, and compared
over R2, MAE, and RMSE. Time window used was 24 hours across
all models.

dicted value was used as an input for subsequent forecast
steps. Consequently, prediction errors may accumulate as the
forecast horizon increases. The performance metrics reported
in this study therefore represent the overall forecasting per-
formance across the evaluation period rather than accuracy at
individual forecast horizons.

Figure. 6 Actual and predicted electricity generation over time, high-
lighting how the model tracks daily energy generation swings and
peak usage patterns. Blue line: actual generation; Orange line: pre-
dicted generation.

Integrated Model Evaluation

The proposed autoregressive model was evaluated against
a simple benchmark, which consisted of a Random Forest
model trained on the previous hour’s renewable generation
(a one-hour window) and no autoregressive lags or environ-
mental predictors. As such, the simple recursive benchmark
will allow for the separate evaluation of the contributions of
longer time windows of historical data and the contribution of
external weather-related factors. The simple benchmark pro-
duced an R2 of 0.31; thus, adding additional time windows of
historical data as well as additional environmental variables
significantly improves the overall forecasting accuracy. In
a study on short-term load forecasting, LSTM-based models
achieved R2 values in the range of approximately 0.88–0.90
on normalized datasets35. Feedforward ANN models reported
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R2 values between 0.82 and 0.8536. Interpretable Short Term
Load Forecasting (STLF), or decomposition-based load fore-
casting model performed significantly weaker with a reported
R2 value of 0.52, as summarized in Table 337.

Model R2 MAE (MW) RMSE (MW)
This Study – Demand (MLP, 2-
layer)

0.84 2522 3786

This Study – Generation (RF
ARX 200)

0.84 1788 2542

This Study – Combined Power
Imbalance (Jan–Apr)

0.71 3451 4569

This Study – Combined Power
Imbalance (May–Aug)

0.71 3398 4555

This Study – Combined Power
Imbalance (Sept–Dec)

0.70 3576 4609

Baseline – (RF 200 No ARX) 0.31 4955 6523
Interpretable STLF
(Decomposition Model)

0.52 Normalized Normalized

ANN (Feedforward NN) 0.82–0.89 Normalized Normalized
LSTM 0.88–0.90 Normalized Normalized

Table 3 Comparative model performance summary. The demand
(MLP, 2-layer), generation (Random Forest ARX), combined resid-
ual analysis model, and internal baseline (Random Forest, 1-hour
window, no ARX) are evaluated using R2, MAE, and RMSE across
different time intervals. Results are also contextualized against pub-
lished ANN, LSTM, and Interpretable STLF benchmarks. Time win-
dow used was 24 hours across all models. Note: The normalized
MAE and RMSE for the STLF, ANN, and LSTMs means those er-
rors are not directly comparable.

The two-layer autoregressive MLP demand model in this
study achieved R2 = 0.84, placing it directly within the re-
ported ANN performance range and approaching LSTM re-
sults, despite using a simpler non-recurrent architecture. In
terms of error magnitude, the demand model achieved MAE
= 2522 MW and RMSE = 3787 MW, indicating that average
hourly prediction error remained within a few gigawatts (rel-
ative to California’s peak demand of approximately 50,000
MW, this is roughly 5%) of actual load. The renewable gener-
ation model (Random Forest ARX) achieved R2 = 0.84, with
MAE = 1789 MW and RMSE = 2542 MW, demonstrating
strong predictive stability under environmental variability.

To evaluate how well the framework performed across dif-
ferent seasons, the combined power imbalance analysis was
tested over three four-month periods: January–April, May–
August, and September–December. Performance metrics
were calculated separately for each period. When the demand
and renewable generation forecasts were combined, R2 de-
creased from 0.835 and 0.836 for the individual models to 0.71
for the forecasted residuals. This decrease is expected when
errors from two independently predicted quantities are carried
into a combined calculation and represents a slight increase in
unpredictability over time rather than a failure of either model.
As shown in Figure 7, the analysis of forecasted residuals suc-
cessfully reproduces the timing and direction of most surplus

and deficit cycles, despite the compounded uncertainty intro-
duced by combining two independent forecasts. The predicted
power imbalance curve follows the overall structure of the ob-
served imbalance signal, indicating that the framework retains
meaningful operational information even after error propaga-
tion from the demand and generation models. Because the
power imbalance is computed by subtracting two independent
forecasts, error from both the demand and generation mod-
els propagates into the final prediction. Notably, the power
imbalance model retains the large majority of the indepen-
dent models’ explanatory power, a substantially smaller drop
than is typically expected in multi-stage forecasting systems,
suggesting that the demand and generation models’ errors are
only mildly compounding rather than reinforcing one another.

The internal baseline further clarifies the importance of
temporal structure and exogenous inputs. The Random For-
est model with a one-hour window and no ARX structure
achieved only R2 = 0.31, demonstrating that even if there is an
absence of environmental drivers and limited historical con-
text, the predictive capabilities are greatly diminished. By ex-
panding to a 24-hour autoregressive window and incorporat-
ing irradiance variables, performance improved to R2 = 0.736
in the analysis of forecasted residuals, a 137% increase over
the baseline. The significant improvements in performance
confirm the importance of utilizing structured temporal mod-
els and incorporating environmental factors into accurate re-
newable energy forecasts.

Although ANN and LSTM models in the literature report
higher R2 values (approximately 0.82–0.90), these models rely
on more complex recurrent architectures and greater compu-
tational overhead. Moreover, they were evaluated on differ-
ent datasets under distinct experimental conditions, prevent-
ing direct quantitative comparison. The present framework
demonstrates that separating supply and demand into inde-
pendent autoregressive models can achieve competitive pre-
dictive strength while maintaining simplicity, interpretability,
and practical deployability — key requirements for opera-
tional grid systems.

Figure. 7 Actual and predicted power imbalance (demand minus
generation) over time, illustrating the analysis of forecasted residu-
als’s ability to track surplus and deficit cycles while capturing daily
and seasonal variability in renewable grid. Blue line: actual power
imbalance; Orange line: predicted power imbalance.
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Discussion

This study demonstrated that carefully engineered autoregres-
sive machine learning models can effectively forecast short-
term electricity demand and renewable generation using real-
world grid and environmental data. The primary novelty of
this work lies in separating supply and demand forecasting
into two independent models. Instead of predicting net load
as a single aggregated target, the framework forecasts de-
mand and renewable generation separately before combining
the predictions to estimate power imbalance. This separation
improves interpretability, allows clearer identification of sur-
plus and deficit conditions, and enables more flexible opera-
tional decision-making. The two-layer MLP demand model
achieved an R2 of 0.835, while the Random Forest ARX gen-
eration model achieved an R2 of 0.836. When the two fore-
casts were combined to estimate power imbalance, the inte-
grated framework achieved an R2 of 0.736. This reduction in
performance reflects the compounded uncertainty introduced
by combining two independent forecasts. These results are
comparable to those reported in prior renewable forecasting
studies. Feedforward neural networks typically achieve R2

values between 0.82 and 0.89, while LSTM-based models
achieve values between approximately 0.88 and 0.90. Al-
though this proposed framework does not outperform the cur-
rent state-of-the-art deep learning models in terms of predic-
tive accuracy, it provides a similar and competitive level of
accuracy with increased interpretability and reduced compu-
tational complexity.

The limitations of direct quantitative comparison of LSTM
and ANN models reported in recent literature are due to
the fact that each model has been tested under different ex-
perimental conditions. The studies use distinct data sets
with different time resolution, geographic scope and predic-
tor sets (different environmental predictors and/or historical
grid data). Thus, due to these differences in timeline and data
characteristics, like how exogenous variables are used vs. only
using historical load data, there is no way to directly compare
the performance of these models. These methodological dis-
crepancies significantly impact result interpretation, necessi-
tating a focus on the structural and conceptual merits of the
proposed autoregressive framework rather than direct metric
parity.

Several limitations should also be acknowledged. First, the
models were trained and evaluated using California data, so
their performance may not directly generalize to regions with
different weather patterns, generation portfolios, or grid op-
erating conditions. Applying the framework to other regions
would require retraining the models on local historical data
and including environmental predictors relevant to that region.
Second, the study was limited to a finite time frame. The re-
sults could therefore be different if evaluated over longer pe-

riods, which would include more seasonal and year-to-year
variation. Our preliminary experiments also indicated that in-
creasing the length of the forecast period beyond 24 hours
negatively impacted model performance. Thus, there is an
inverse relationship between using historical data to provide
context for predictions, and the ability to accurately forecast.
Despite this limitation, these results demonstrate that using
structured autoregressive models will yield high levels of ac-
curacy in predicting future events while being less reliant on
highly complex deep learning architectures.

The proposed framework has practical applications for re-
newable energy providers, grid operators, and energy mon-
itoring agencies. Separating electricity demand and renew-
able generation into independent forecasting models provides
greater operational interpretability than forecasting net load
directly. Because each component is modeled independently,
grid operators can determine whether forecasted power imbal-
ances are primarily driven by changes in electricity demand,
renewable generation, or both. For example, an unexpected
reduction in renewable generation caused by cloud cover or
changing wind conditions can be distinguished from unusu-
ally high electricity demand. This distinction gives operators
more information when making decisions about battery dis-
patch, backup power generation, and renewable curtailment.
Environmental variables such as solar irradiance can also be
incorporated to account for and monitor changes in renew-
able generation caused by weather conditions. This improves
situational awareness in systems where generation cannot be
directly controlled. The proposed framework therefore con-
tributes to more stable, efficient, and data-driven renewable
grid management.

Future work will focus on improving model robustness
through more systematic hyperparameter optimization and en-
semble learning. Rather than relying on manual experimen-
tal tuning, structured hyperparameter search methods such as
Random Search and Hyperband could more efficiently iden-
tify high-performing model configurations. Ensemble ap-
proaches that combine predictions from multiple models may
further improve forecasting accuracy and predictive stability
by reducing the variance associated with individual models.
Additional exogenous variables, including expanded weather
and atmospheric features, could further improve renewable
forecasting accuracy. Finally, the framework could be ex-
tended to larger metropolitan regions or nationwide datasets.
This would improve its generalizability while allowing region-
specific fine-tuning to account for localized grid dynamics.
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