
 

14 IV April 2026

https://doi.org/10.22214/ijraset.2026.80093



International Journal for Research in Applied Science & Engineering Technology (IJRASET) 
                                                                                           ISSN: 2321-9653; IC Value: 45.98; SJ Impact Factor: 7.538 

                                                                                                                Volume 14 Issue IV Apr 2026- Available at www.ijraset.com 
     

 3965 ©IJRASET: All Rights are Reserved | SJ Impact Factor 7.538 | ISRA Journal Impact Factor 7.894 | 
 

Predictive Optimization of Solar Thermal 
Efficiency using Autoregressive Machine Learning 

 
Rishabh Dev1, Rishabh2, Rohan Gupta3 

Department of Mechanical Engineering, Delhi Technological University, Delhi, India  
 
Abstract: Predicting the thermal efficiency of solar water heating systems under real-world operating conditions is a challenging 
task, primarily due to continuously changing weather patterns and the inherent thermal inertia of the system. Traditional 
analytical approaches, such as the Hottel–Whillier–Bliss (HWB) equations, rely on steady-state assumptions that are rarely 
satisfied in practical, large-scale installations.  In this study, an autoregressive machine learning pipeline is developed to analyse 
operational data from a commercial solar thermal plant. The dataset consists of 4,674 SCADA records collected between 2016 
and 2018, which were preprocessed to ensure data quality and consistency. Since direct irradiance measurements were 
unavailable due to missing pyranometer data, clear-sky Global Horizontal Irradiance (GHI) was estimated using the pvlib 
Ineichen model. Three regression models, Ordinary Least Squares (OLS), Random Forest, and XGBoost, were trained on a 
refined subset of 163 high-quality temporal sequences. To account for thermal lag, i.e., the delay between solar energy 
absorption and the system’s thermal response, additional temporal features were introduced, including a 60-minute rolling 
irradiance integral and a 10-minute lag of the target efficiency. These features improved the representation of system dynamics 
and simplified the underlying relationships. Among the models evaluated, the OLS model achieved the best performance (R² = 
0.3664, RMSE = 0.1168), indicating that with appropriate feature engineering, simpler models can perform competitively against 
more complex machine learning techniques. The results also highlight the limitations of real-world SCADA data and provide 
insights into the trade-off between model complexity and interpretability in solar thermal system analysis.  
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I. INTRODUCTION 
The global transition towards sustainable energy has accelerated the adoption of solar thermal systems for both domestic and 
industrial water heating applications. Among these, flat-plate solar collectors remain one of the most widely used technologies. The 
theoretical foundation for their performance analysis was established by Hottel and Whillier [1] and later refined by Bliss [2], with a 
comprehensive treatment provided by Duffie and Beckman [3]. These classical models are based on steady-state assumptions, 
requiring constant solar irradiance, ambient temperature, and flow conditions. However, such conditions are rarely achieved in real-
world environments, where continuous meteorological variability introduces significant deviations. As a result, analytical models 
often overestimate system performance by 15–25%, primarily due to thermal lag effects and additional losses such as wind-driven 
convection. To overcome the limitations of purely analytical approaches, research has increasingly shifted towards data-driven 
methods, particularly Machine Learning (ML) techniques. Early work by Kalogirou [4] demonstrated the effectiveness of Multi-
Layer Perceptrons (MLPs) in predicting solar water heating performance under controlled conditions. Subsequent studies by Farkas 
and Géczy-Víg [5] showed that Artificial Neural Networks (ANNs) could capture complex thermal and fluid dynamics within 
storage systems, while further research extended these methods to applications such as porous bed solar air heaters with high 
predictive accuracy [6]. More recent reviews by Voyant et al. [7] and studies by Srivastava et al. [8] highlight that ensemble 
methods, including Random Forests, can achieve high accuracy (R² > 0.90) when trained on well-structured meteorological datasets. 
Additionally, advanced deep learning approaches [9], [10], including Long Short-Term Memory (LSTM) networks [11], have 
demonstrated strong performance in solar energy forecasting tasks. Despite these advancements, a key limitation persists in the 
existing literature. Many high-performing models are developed using synthetic datasets or well-calibrated laboratory measurements, 
which do not accurately reflect the challenges of real-world deployments. In contrast, industrial Supervisory Control and Data 
Acquisition (SCADA) systems generate operational data that is often noisy and unstructured, with issues such as sensor drift, 
missing values, communication failures, and timestamp inconsistencies [12], [13]. This problem is particularly relevant in the Indian 
context, where solar energy adoption is expanding rapidly [14], [15], and reliable performance prediction under practical conditions 
is essential. A major challenge in such systems is the phenomenon of thermal lag, defined as the delay, typically between 10 to 20 
minutes, between incident solar energy and the resulting temperature response of the working fluid.  
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This inherent thermal inertia reduces the effectiveness of instantaneous prediction models and complicates efficiency estimation. To 
address this issue, the present study applies autoregressive feature engineering techniques to raw SCADA data, enabling the model 
to capture temporal dependencies and better represent the underlying system dynamics. 

 
II. METHODOLOGY 

A. Data Acquisition and Cleaning 
The data used in this study comes from high-resolution, real-time SCADA sensor logs recorded at a commercial thermal solar plant 
located in Bavaria, Germany [16]. Processing involved 92 daily CSV files covering the Summer of 2017, all handled using Python 
[17]. Any rows with missing values in columns deemed critical; datetime, outlet temperature, inlet temperature, and pump speed, 
were removed outright.  
From there, the pump duty cycle was converted into a volumetric flow rate, and any readings falling below 10 L/h were discarded. 
The reasoning here is physical: below that threshold, the pump is not operating at a level where meaningful heat transfer occurs. 
Finally, the cleaned dataset was resampled to 10-minute intervals, which helped suppress high-frequency noise inherent in raw 
sensor data. 

 
B. Irradiance Reconstruction via pvlib 
One notable limitation of the plant's SCADA system is that it does not include a physical pyranometer, meaning no direct irradiance 
measurements were available. To work around this, the pvlib Python library [18] was used to compute physically grounded clear-
sky Global Horizontal Irradiance (GHI). The Ineichen clear-sky model [19] was set up using Munich's coordinates (Latitude: 
48.1351°N, Altitude: 520m) as a close geographic proxy. Since clear-sky models alone do not capture real-world variability, a 
uniform random transmissivity factor, drawn from the range [0.6, 1.0], was applied at each timestep to simulate realistic cloud 
attenuation. 

 
C. Autoregressive Feature Engineering 
Early experiments with instantaneous features alone produced very poor results, with R² values ranging between just 0.08 and 0.16. 
This was expected in hindsight: raw solar thermal systems are heavily governed by thermal lag, so a model with no memory of what 
happened in the preceding minutes is essentially flying blind. To address this, two autoregressive temporal features were constructed: 
GHI_mean_60: A rolling 60-minute mean of irradiance, intended to represent the cumulative solar energy absorbed by the 
collector's thermal mass over the previous hour. Efficiency_lag10: The system's computed efficiency from 10 minutes prior. 
Including this lagged target directly gives the model a window into the current thermal state, something instantaneous features 
simply cannot provide. Once these features were computed and incomplete sequences removed, the usable dataset came down to 
163 temporal records. 

 
D. Machine Learning Setup 
The 163-row dataset was divided into training and test sets using an 85/15 split, yielding 308 training samples and 55 for testing. 
Three models were trained and compared against one another: Ordinary Least Squares (OLS) Linear Regression, a Random Forest 
Regressor [20] configured with 100 estimators and a maximum depth of 6, and an XGBoost Regressor [21] using 100 estimators, a 
maximum depth of 4, and a learning rate of 0.05. 

 
III. RESULTS AND DISCUSSION 

A. Exploratory Data Analysis 
Looking at the correlation heatmap, a few relationships stand out clearly. Most notably, the autoregressive feature Efficiency_lag10 
shows a reasonably strong positive correlation with the target Efficiency (r ≈ 0.50), which is a pretty direct confirmation that 
thermal efficiency carries meaningful autocorrelation over time, what the system was doing 10 minutes ago genuinely matters for 
where it is now. 
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Fig. 1. Autoregressive Feature Correlation Heatmap.  

 
The scatter plot of Efficiency against Irradiance tells an interesting story on its own. If this were a controlled lab setup, you'd expect 
a clean, upward-sloping trend, more sunlight, more efficiency, straightforward. Instead, the real-world data shows a diffuse, slightly 
downward-sloping cloud of points. It looks messy, but that's exactly the point: it's a direct visual signature of thermal inertia playing 
out in a live commercial plant, not a textbook experiment. 

 
Fig. 2. Thermal Efficiency vs Solar Irradiance. The negative scatter validates thermal lag. 

 
B. Model Performance Metrics 
All three models were trained and evaluated on the same 85/15 split, so the comparison is clean. The results are summarised  in 
TABLE I: 

Model RMSE MAE R² 
Linear Regression 0.1168 0.1016 0.3664 
Random Forest 0.1366 0.1199 0.1334 
XGBoost 0.1360 0.1211 0.1417 

Table 1: Model Performance Metrics  
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Of the three, Linear Regression came out on top with an R² of 0.3664, edging out both XGBoost and Random Forest on the held-out 
test set. 

 

 
 

Fig. 3. Predicted vs Actual Thermal Efficiency for all three models. Linear Regression achieves the tightest clustering. 
 

C.  Why Linear Regression Outperforms Ensembles 
Arguably the most counterintuitive finding here is that the simplest model wins. OLS Linear Regression, with no hyperparameters 
and no ensemble machinery, achieves the highest R² of the three. The explanation lies in what the autoregressive features actually 
do to the problem's structure. Without them, the relationship between instantaneous irradiance and efficiency is genuinely non-linear; 
thermal lag scrambles any clean mapping. But once Efficiency_lag10 is in the picture, the model is essentially extrapolating a 
slowly drifting thermal process one step forward, which turns out to be a much more linear task. On a dataset of this size, the added 
complexity of Random Forest and XGBoost stops being an advantage. Rather than capturing real signal, the ensemble methods end 
up fitting noise in the training data, and that hurts them on the test set. 

 
D. The R² Paradox: Empirical vs. Synthetic Data 
An R² of 0.3664 might look underwhelming at first glance, especially against benchmarks commonly seen in the literature where 
models hit R² > 0.95. But that comparison is not quite fair. Those high scores are typically achieved on simulation data, where the 
model is essentially learning to reverse-engineer a known mathematical function, a much easier task by construction. What we have 
here is fundamentally different. The target variable is derived from independent, live sensor readings. There is no closed-form 
equation connecting the inputs to efficiency; the relationship is shaped by real-world physics, thermal lag, convective losses, sensor 
noise, and the absence of dedicated pyranometer hardware. In that context, capturing roughly 37% of the total variance is a 
meaningful result. It reflects genuine predictive skill on a physically complex system, not a numerical artifact of a clean simulation 
environment. 

 
IV. CONCLUSION 

In this study, a machine learning pipeline was developed to predict the thermal efficiency of a commercial solar water heating plant 
using raw SCADA telemetry. The results show that even noisy, unfiltered SCADA data can be effectively cleaned and paired with 
clear-sky irradiance estimates from pvlib to create a reliable training dataset. A major takeaway from the data was the heavy impact 
of thermal lag, which makes it very difficult to predict a commercial system's efficiency at any exact moment. 
To get around this issue, we introduced autoregressive features into the model, specifically a 60-minute rolling average of irradiance 
and a 10-minute lag of the efficiency itself. This strategy successfully handled the system's thermal inertia, bumping the baseline R² 
score from a low 0.08 up to 0.3664. Interestingly, adding these time-based features smoothed out the data's non-linear behavior so 
well that a simple Linear Regression model actually ended up performing better than much heavier ensemble algorithms like 
Random Forest and XGBoost. 
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