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capability. Experimental results demonstrate that the polynomial
regression model achieves excellent agreement with actual measurements,
capturing fine-grained variations in power output with high accuracy. This
highlights the proposed approach as a computationally efficient and
interpretable method suitable for real-time solar forecasting applications.
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1. Introduction

Solar photovoltaic (PV) energy has emerged as a cornerstone of global renewable energy
strategies, offering a sustainable alternative to conventional fossil fuel-based generation [1].
With the total installed global PV capacity exceeding 1 terawatt (TW) by 2022, and major
contributions from countries like China, India, and the United States [2], accurate forecasting
of PV power output has become a paramount priority [3][4]. Forecasting helps in efficient grid
integration, optimising energy dispatch, and enhancing overall system reliability [5].
Traditional solar power forecasting models often rely on statistical techniques or black-box
machine learning algorithms [6][7][8][9][10][11], which can lag in explainability or under
changing environmental conditions [12]. Motivated by the need for reliable yet mathematically
well-grounded prediction frameworks, this study models the PV power forecasting task as a
variational inequality (VI) problem. We employ polynomial feature expansion to model the
nonlinear relationships inherent in solar power generation [13], followed by two distinct
solution strategies: a closed-form Ridge regularized regression method and an iterative
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Projected Gradient Descent (PGD) solver [14]. The VI framework provides a rigorous
mathematical foundation for regression under regularization [15], enhancing model stability
and robustness. Unlike conventional polynomial regression approaches [16][17], the VI-based
formulation explicitly controls model complexity, improving generalization performance.
Through the use of real-world data collected from a rooftop PV installation, this study aims to
display the advantages of novel variational inequality frameworks for renewable energy
forecasting applications. Figure 1 displays the stages the data passes through before it was
analysed and pre-processed.
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Fig. 1: Data Generation and Normalisation
2. Data Collection and Methodology
The experimental setup used in this study is located at the Energy Research Centre,

Ramdeobaba University Campus, Nagpur, India (21.1458°N, 79.0882° E). The system consists
of:

8 units of WAAREE solar panels, each with a rated capacity of 335 W, giving a total power
output of 2.68 kW.

A data logging system using microcontrollers is implemented to collect real-time operational
data.

Sensors are installed to measure environmental and electrical parameters.

Data of every single day is recorded at 1-minute intervals and stored in a .csv format for
further analysis. These .csv files are then combined using Python to conduct mathematical
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analysis. This automation ensured consistency and eliminated manual errors in data
compilation.

The dataset used in this study was collected over a 60-day period from January to March 2025
at a laboratory in Nagpur, India. The recorded parameters include ambient temperature,
irradiance, relative humidity, panel temperature, Panel voltage, array current and the inverter
output AC Power readings. The measurements are logged using a custom-designed
microcontroller-based data acquisition system, storing timestamped values into daily .csv files.
The raw collected data underwent pre-processing, including outlier removal, missing data
handling, and feature engineering to derive additional variables such as mean voltage and panel
temperature averages. The integrated dataset formed the foundation for the subsequent
regression model training processes. This work suggests a two-stage approach to predict the
AC power generation of the solar PV system. The underlying principle is to cast the
regression problem into a  Variational  Inequality (VI) framework, which allows for
increased versatility and generalization. Two different solution approaches were experimented
with: a closed-form Ridge-based polynomial regression and an iterative Projected Gradient
Descent (PGD) solver.

1. Variational Inequality Formulation

The initial step in the implementation of our model involves the construction of an expanded
feature space using polynomial transformations of the VI-based input parameters. By applying
a third-degree polynomial expansion to key features such as irradiance, PV current, mean
voltage, ambient, and panel temperature, the model is able to capture complex nonlinear
interactions inherent in photovoltaic system behaviour. This transformation provides the
foundation for the subsequent regression analysis and enables more accurate prediction of AC
power output under varying environmental conditions. To estimate the AC power output from
the input environmental and electrical features, we construct a polynomial regression model
within a variational inequality (VI) framework. The regression problem is regularized using
ridge (4) penalty to handle multicollinearity and overfitting due to polynomial feature
expansion. Although both the conventional polynomial regression and the proposed VI-based
solver utilize the same expanded feature set ®(X) derived through polynomial transformations,
their learning strategies diverge significantly in both formulation and execution.

Closed-form Polynomial Regression

The conventional polynomial regression model solves for weights w using the ordinary least
squares (OLS) formulation. Given training data XER™ and targets yER®™, the feature-expanded
matrix is ®(X)ER™™ . The OLS minimization objective is:

min||®(X),, — I3
The optimal weight vector wx is obtained analytically:
w' = (eX)eX)'eX)"y

This solution assumes full-rank feature matrices and no explicit constraints, and is solved in a
single step.
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VI-based Solver with Projected Gradient Descent

In contrast, the VI-based solver treats learning as a variational inequality problem. The
objective is to find a vector wx€EKCR™ such that:

Find w* ¢ W such that (Fwx),w—w=x*x)>0, VYVweW (1)
Where:

e w is the model coefficient vector,
e F(w) is the operator derived from the objective function.

This condition asserts that the operator F(w) defines a monotone relationship whose fixed point
corresponds to the minimizer of the regression objective. In the unconstrained case, the solution
to this VI is equivalent to minimizing a convex objective.

The solution is obtained via Projected Gradient Descent (PGD):
The objective function is given by:

min]X,, — yII? + Allwi?

Where:
o X represents the polynomial-expanded feature matrix,
e yis the vector of observed AC power output,
o Ais the ridge regularization parameter controlling the penalty on the weights.
The corresponding closed-form solution to this regularized least squares problem is:
w'=(XTX+ AN 1XTy

Here, I is the identity matrix. This formulation ensures a stable and unique solution even in the
presence of multicollinearity among expanded features. The regularization term A||lw?|| acts as
a constraint, helping prevent overfitting when the polynomial degree is high.

To formally define the proposed regression approach, we begin by framing the objective as a
Variational Inequality (VI) problem. This provides a general framework for optimization in the
presence of regularization and potential constraints.

i. Regularised Loss Formulation
The regularised loss function L(w) is defined as:

Lw) = |IXw -yl + Allwl|3 (2)
Where:

e X is the feature matrix,
e vy is the target vector,
e A >0 is the regularization parameter
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Here, the first term measures the squared error between predicted and true target values, and
the second term is the ridge penalty, enforcing smoothness by discouraging large weights. A>0
is the regularization hyperparameter.

Taking the gradient of Eq. (2) with respect to w gives the VI operator.

ii. Derivation of Operator F(w)
The corresponding VI operator F(w) is obtained by taking the gradient of the loss:
F(w) = 2XT(Xw — y) + 24w (3)

This operator is strongly monotone under mild conditions, ensuring the existence and
uniqueness of the solution.

jii. Closed-Form Solution (Ridge Regression)
Setting the gradient of the loss to zero yields:
2XT(Xw—9y)+2Aw =0 )
Solving this yields the classical ridge regression estimator:
X'X + Ahw = XTy
w'=X"X+ADw = XTy (5)

Alternatively, we may avoid explicit inversion and adopt an iterative solution strategy via
Projected Gradient Descent (PGD), defined by the following update rule.

2. Projected Gradient Descent Update Rule
In the PGD approach, at each iteration £, the update rule is:
W(k+1) = W(k) — nF(W(k)) (6)
Where:

e 1> 0 is the step size (learning rate),
o Fw®) is the VI operator at the current iterate.

This iteration continues until convergence. The first solution approach involved solving a
regularized least squares regression problem framed as a Variational Inequality (VI). The
corresponding closed-form solution is obtained by:

w* = (XTX + AD"1XTy

where I is the identity matrix. This approach ensures a unique and stable solution, even in the
presence of multicollinearity among expanded features. In the VI framework, the operator F(w)
is defined, and optimality conditions are satisfied.

Convergence Condition

The iterative updates terminate when:
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Stopping at the best iteration for maximum efficiency.
3. Data Preprocessing and Model Training

Having established the convergence condition for our VI-based solver, we now describe the
data processing and training workflow used for empirical evaluation. The dataset was put
through thorough cleaning and transformation processes, including:

e Removal of missing values,
e Outlier elimination using the Interquartile Range (IQR) method,
o Standardization of features to zero mean and unit variance.

The dataset was subsequently split into training (80%) and testing (20%) subsets. Both closed-
form and PGD models were trained on the expanded and scaled training data. Predictions were
then generated and evaluated on the testing data. Figure 2 demonstrates the phases of data pre-
processing and evaluation tests models are put through after being deployed on dataset.
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Fig. 2 Pre-processing and evaluation procedure
3. Results

The proposed Variational Inequality (VI)-based regression models were evaluated, both the
closed-form Ridge regularized solver and the iterative Projected Gradient Descent (PGD)
solver were assessed for their predictive performance.

The performance metrics considered were:
e Mean Squared Error (MSE),
e Root Mean Squared Error (RMSE),
e Mean Absolute Error (MAE),
e Coefficient of Determination (R?),

e Adjusted R
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Table 1 represents the comparison of our VI-based polynomial regression model and a
standard ridge based polynomial regression model.

Table 1: Model Performance Comparsion

Model Performance Metrics
MSE RMSE | MAE R? Adjusted
R2
Conventional Polynomial 26937.00 | 164.12 | 116.13W | 0.9089 0.9091
Regression
VI Based Polynomial Regression | 204.73 1431 | 7.29W | 0.999268 | 0.999260

The high R? and low error values confirm that the closed-form VI model is impressively
effective in capturing the nonlinear dependencies between environmental variables and AC
power generation. In contrast, the PGD solver encountered convergence challenges, likely due
to the complex feature space induced by the polynomial expansion. Gradient instabilities and
slow learning rates affected the convergence quality, resulting in suboptimal predictive
performance compared to the closed-form solution. Nevertheless, the PGD approach remains
a valuable method for larger-scale or constraint-ridden problems where closed-form inversion
becomes computationally expensive or infeasible.

Figure 3 illustrates the comparative performance of three regression models—Ridge
Regression, Conventional Polynomial Regression, and the PGD-based Variational Inequality
(VI) Solver—against the actual AC power output from the solar photovoltaic system recorded
on 22 April 2025. The X-axis represents the timestamp (in minutes) while the y-axis shows the
AC power output in watts. The black curve represents the actual measured AC power values.
The red curve corresponds to predictions from the Ridge Regression model, the purple curve
shows the predictions from the conventional polynomial regression model (degree 3), and the
green curve reflects the predictions obtained via the PGD-based VI approach. All three models
follow the true power trend closely, demonstrating high predictive capability. However, subtle
variations are visible during power peaks and transitions. The Ridge and PGD models appear
to generalize better around higher output values, whereas the conventional polynomial model
occasionally exhibits overshooting or underfitting tendencies in those regions. This visual
comparison confirms that while all models show promising results, Ridge and PGD approaches
offer slightly more robust and stable predictions, especially when considering noise, outliers,
and system nonlinearities.
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Prediction Comparison: Ridge vs Polynomial vs PGD
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Figure 3: Comparison of model performance for a single day power output

A scatter plot comparing the predicted and actual AC power values was generated for both
methods as seen in Figure 4. The closed-form VI model closely follows the ideal 45° reference
line, indicating near-perfect predictions across the full range of operational power levels up to
2700 W. In contrast, the PGD predictions showed larger variance and deviations from the ideal

line, particularly at higher power outputs.
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Fig. 4: Scatter plot of both proposed models
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4. Conclusion

For this dataset, the comparison results show that the closed-form Ridge technique is
preferable. The variational inequality-based formulation with regularisation directly leads to
its ability to strike a balance between model simplicity and fitting accuracy. The limitations
with the PGD solver demonstrate the real-world challenges of employing iterative gradient-
based techniques to solve high-degree polynomial regression problems, especially when
feature scaling and step-size tuning are not optimal. The study does, however, confirm that VI-
based framing offers a strong and broadly applicable avenue for enhancing machine learning
regression models in renewable energy systems.
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