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ABSTRACT 

Data-driven analysis of residential building energy consumption is essential for understanding how homes perform, 

improving model accuracy, and guiding large-scale energy efficiency decisions. In this study, we apply several machine 

learning methods, including CatBoost, LightGBM, Random Forest, XGBoost, and a Neural Network, to predict total energy 

consumption as well as space heating and cooling loads across two diverse datasets – the Energy Information 

Administration’s Residential Energy Consumption Survey (RECS) of nearly 18,500 real households, and the Department of 

Energy’s Residential Stock (ResStock) database, a compendium of nearly 550,000 statistically-developed building 

simulations. To address the significant skewness often observed in energy consumption distributions, we applied a 

logarithmic transformation to all energy performance metrics, including total energy consumption and space heating and 

cooling energy use. In its raw form, residential energy performance (whether total usage, space heating, or space cooling) 

often exhibits a strongly right-skewed distribution: a small fraction of homes accounts for disproportionately large energy 

demands. Such heavy-tailed data can bias statistical models, destabilize variance estimates, and undermine predictive 

accuracy. By applying a natural logarithm transformation (with an additive constant, e, to handle low or zero values), we 

compress extremely high values and stretch values near zero, yielding a distribution that is more symmetric and statistically 

tractable. After fitting our models in the transformed space, we back-transform predictions to the original energy scale for 

interpretation. This log-transformation approach enhances the statistical robustness of our models while preserving their 

physical interpretability, effectively mitigating physically implausible negative forecasts and improving predictive 

consistency across highly skewed energy variables. These data-driven models serve as fast, scalable predictors of residential 

energy performance for individual homes. By basing predictions on actual (RECS) and/or modeled consumption (ResStock), 

they improve the accuracy of national energy demand estimates and enable identification of potential energy efficiency 

upgrades. This approach enhances traditional tools with greater empirical predictive accuracy, particularly for skewed end 

uses such as cooling. Using the logarithmic transformation approach resulted in significant model performance improvement 

for cooling energy consumption forecasts, with R2 values rising from 0.867 to 0.928 and decreases in MAE and RMSE values 
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from 5943 to 4517 and 9441 to 6911, respectively, thereby underscoring the value of this approach in eliminating physically 

implausible values in energy performance forecasting. 

INTRODUCTION 

In 2024, the residential sector in the U.S. consumed approximately 18.4 quadrillion British thermal units (Btu) of energy, 

representing approximately 19.6% of the total primary energy consumption in the United States (U.S. Energy Information 

Administration (EIA), n.d.). The residential sector is the largest consumer of electricity, consuming 1.55 trillion kWh and 

accounting for 38% of the nation's overall electricity consumption (U.S. Energy Information Administration (EIA), n.d.). The 

number of housing units in the U.S. continues to increase, with the most recent count indicating approximately 144 million 

housing units (Bawaneh et al., 2024). As the housing stock expands, demand for residential energy and the associated costs 

are expected to rise, underscoring the need for more precise forecasting tools. Furthermore, in 2024, the average price of 

electricity for the residential sector in the US was 16.48 cents/kWh, rising faster since 2020 than in the previous decade (U.S. 

Electricity Retail Price by Sector 2024). As prices continue to rise and demand for energy grows, accurate and  inexpensive 

electricity usage prediction supports proactive load management by utilities and empowers building owners to invest in 

energy upgrades and take control of their utility bills, promoting economic stability for all Americans. 

Existing methods for estimating building energy consumption primarily involve simulation (Higgins et al., 2024; Liu et al., 

2022; Sun et al., 2022) and data-driven models (Amasyali & El-Gohary, 2018; Ramnarayan et al., 2025; Zargarzadeh et al., 

2024). Building energy simulation software calculates the energy required to meet specific performance standards, 

accounting for factors such as building construction, weather, occupancy, and air leakage (Coakley et al., 2014). Although 

building energy simulations produce highly accurate results, their widespread adoption faces several challenges. These 

challenges primarily stem from uncertainties in the input data, substantial time and cost requirements, and the potential for 

significant prediction errors resulting from model complexity and insufficient reliable data (Gerrish et al., 2017). In contrast, 

data-driven (black-box) models use monitored data from building metadata to create mathematical or statistical models 

capable of accurately predicting system behavior (Di Stefano et al., 2023). Data-driven building energy consumption 

prediction modeling relies on historical data rather than detailed information about the simulated building (Esen et al., 2017). 

This study uses the Residential Energy Consumption Survey (RECS) and the ResStock datasets to build and evaluate 

machine learning models that forecast total energy consumption, space heating, and space cooling. The RECS dataset 

comprises approximately 18,500 households, which are statistically representative of the 123.5 million residences in the 

United States. On the other hand, ResStock, developed by the National Lab of the Rockies (NLR), models and simulates 

energy consumption and savings for residential buildings nationwide. It creates a dataset comprising of ~550,000 data points 

statistically representative of the country’s housing stock.  

Owing to the large volume of data across both datasets, machine learning models are well-suited to this task owing to their 

innate capabilities in handling complex and nuanced data as well as their predictive capabilities. This study compares the 

performance of the two datasets as benchmarking approaches to develop the best-performing methods. The motivation 

behind this study and methodology is to develop generalizable, robust, and accurate ML models capable of reliable energy 

performance forecasting. In modeling residential energy consumption and heating/cooling loads, the target variable often 

spans several orders of magnitude. Using simple regression on the raw scale may yield negative predictions, even though 

these quantities cannot be negative. To address the constraint of a lower bound (zero) and the common right-skewed 

distribution of energy usage, we apply a logarithmic transformation to the target variable (F. Zhang et al., 2016; Y. Zhang et 

al., 2015a). In this study, we examine the improvements in regression forecasts with the scope of achieving physically 

plausible forecasts. 
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This study leverages two nationally representative datasets: the Residential Energy Consumption Survey (RECS) and the 

ResStock dataset, aiming to develop machine learning models for forecasting energy performance. The methodology 

encompasses a comprehensive framework that integrates data preprocessing, manual feature selection, model training and 

testing, hyperparameter tuning, and meta-stacking. To thoroughly evaluate the performance of the proposed model, the data 

is split into two subsets: 80% for training and 20% for testing. During the model training phase, hyperparameter tuning and 

model validation were conducted using k-fold cross-validation strictly on the 80% training dataset. The remaining 20% hold-

out test set was kept entirely unseen during tuning and was used solely for final model evaluation. Five machine learning 

models, namely, CatBoost, LightGBM, Random Forest, XGBoost, and a Neural Network are trained on these datasets, and 

their performance is assessed using metrics such as R-squared (R2), Mean Absolute Error (MAE), and Root Mean Squared 

Error (RMSE), to identify the best-performing model. These five machine learning algorithms were selected for their 

effectiveness in managing large-scale tabular data. Tree-based ensemble methods—Random Forest, XGBoost, LightGBM, 

and CatBoost—show strong resilience to non-linear relationships, outliers, and mixed data types without requiring extensive 

feature scaling. A Neural Network is also included to serve as a robust deep learning baseline, effectively capturing complex 

interactions between building characteristics and energy performance. The top-performing model is fine-tuned to enhance its 

performance. After this, a meta-stacking approach is implemented to boost model efficacy (Naz et al., 2025). This strategy 

aims to create a robust and interpretable forecasting pipeline, thereby enhancing the reliability and transparency of the 

predictive outcomes. 

Following model testing, the regression forecasts are scrutinized by visualizing an Actual vs. Predicted scatter plot. Next, the 

number of negative forecasts is computed for the three forecasting scenarios – total energy consumption, space heating, and 

space cooling. The logarithmic transformation methodology is then implemented to mitigate the presence of negative 

forecasts. To address both the lower-bound constraint (zero) and the right-skewed distribution typical of energy use, we apply 

a logarithmic transformation to the target variable. Specifically, we define  where y* represents the original 

consumption metric (in kWh or equivalent), and c is a small positive constant added to shift zero-valued observations into the 

positive domain (since ln (0) is undefined). This transformation offers three key advantages (F. Zhang et al., 2016): (1) it 

ensures that the exponentiated model output, , remains strictly non-negative, thus preventing negative 

forecasts; (2) it compresses the right tail of the distribution, which helps mitigate heteroscedasticity and reduces the impact of 

extreme high-consumption outliers on the loss function; and (3) it linearizes multiplicative relationships between predictors 

and consumption, enhancing the fit of linear (or tree-based) algorithms that operate under additive error assumptions. Caution 

is necessary when adding a constant, as it modifies the effective scale of the data. This adjustment requires careful back-

transformation to mitigate biases from Jensen's inequality and retransformation errors (Kolter & Ferreira, 2011). 

Additionally, the choice of this constant can subtly impact predictions, especially at the lower end of the distribution. We 

trained all models using this log-transformed data and evaluated the outputs on the original scale by exponentiating and 

subtracting the constant. This methodology offers a systematic approach to prevent negative forecasts while preserving 

interpretability and enhancing model stability in the context of residential energy prediction. 

RESULTS 

Pre-logarithmic transformation 

Once the models have been trained, validated, and tested, model performance is evaluated by inspecting the accuracy metrics 

results. Table 1 highlights the performance of the models. CatBoost ML provided the most accurate forecasts, shown in bold 

type. Figure 1 shows the actual vs. predicted regression plots (before logarithmic transformation) for the RECS dataset using 

the CatBoost model.  

METHODOLOGY 
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Table 1: Performance metrics pre-logarithmic transformation for the RECS dataset 

Target Variable ML Models R2 MAE RMSE 

Total Energy Consumption 

LightGBM 0.714 17,795 24,294 

Random Forest 0.691 18,506 25,242 

CatBoost 0.726 17,338 23,788 

XGBoost 0.695 18,444 25,090 

Neural Network 0.718 17,750 24,134 

Space Heating 

LightGBM 0.728 11,115 16,472 

Random Forest 0.707 11,453 17,097 

CatBoost 0.732 11,001 16,348 

XGBoost 0.697 11,736 17,364 

Neural Network 0.728 11,127 16,459 

Space Cooling 

LightGBM 0.641 2,369 3,512 

Random Forest 0.631 2,387 3,565 

CatBoost 0.653 2,346 3,455 

XGBoost 0.609 2,487 3,669 

Neural Network 0.628 2,481 3,576 

Figure 1: Actual vs Predicted Regression Plots pre-logarithmic transformation for the RECS dataset 

While comparing the forecasts for total energy consumption with existing literature (Cui et al., 2024, 2025; Korsavi et al., 

2025) for the RECS dataset, Table 1 demonstrates that our accuracy metrics outperform existing studies [Our R2: 0.726, Cui 

et al. R2: 0.690, Korsavi et al. R2: 0.712]. However, upon scrutinizing the forecasts in Figure 1, we see that those for Space 

Heating and Cooling are negative. Upon investigation, we calculated the number of zero values in the forecasts, as shown in 

Table 2. 

Table 2: Number of negative forecasts for the CatBoost ML model predictions of the RECS dataset 
Parameter Number of negative counts % Compared to the test dataset 

Total Energy Consumption 0 0 

Space Heating 38 1.06 

Space Cooling 189 5.30 

  Similarly, Table 3 highlights the models' performance, and Figure 2 shows the actual vs. predicted regression plots 

(before logarithmic transformation) for the ResStock dataset using all tested ML models. Again, CatBoost ML provided the 

most accurate forecasts, shown in bold type   

Table 3: Performance metrics pre-logarithmic transformation for the ResStock dataset 
Target Variable ML Models R2 MAE RMSE 

Total Energy 

Consumption 

LightGBM 0.814 5,178 7,285 

Random Forest 0.878 4,119 5,903 

CatBoost 0.913 3,547 4,987 

XGBoost 0.892 3,970 5,548 

Neural Network 0.896 3,857 5,437 

Space Heating LightGBM 0.829 11,264 16,698 
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Random Forest 0.892 8,306 13,309 

CatBoost 0.927 6,952 10,960 

XGBoost 0.908 7,970 12,244 

Neural Network 0.901 8,241 12,701 

Space Cooling 

LightGBM 0.763 8,452 12,582 

Random Forest 0.84 6,492 10,357 

CatBoost 0.867 5,944 9,441 

XGBoost 0.842 6,668 10,278 

Neural Network 0.854 6,236 9,865 

Figure 2 Actual vs Predicted Regression Plots pre-logarithmic transformation for the ResStock dataset 

Similar to the RECS forecasts, we found that the developed ML models for the ResStock dataset outperformed existing 

literature (Asamoah & Shittu, 2025), both for energy consumption as well as space heating and cooling. However, the same 

problem with negative forecasts persisted with the forecasts for the ResStock dataset as well. Table 4 quantifies the number 

and percentage of negative forecasts.  

Table 4: Number of negative forecasts for the CatBoost ML model predictions of the ResStock dataset 
Parameter Number of negative counts % of the test dataset 

Total Energy Consumption 41 0.04 

Space Heating 4877 4.59 

Space Cooling 191 0.23 

Although the percentages of negative predictions are relatively low, it still highlights an important concern in adopting black-

box models for energy modeling and forecasting purposes – lack of interpretability and inherent constraints can lead to 

implausible predictions, such as physically impossible negative values or results that violate fundamental laws of physics, 

undermining trust and practical application (Rudin et al., 2022). 

Post-logarithmic transformation 

By applying logarithmic modeling to the energy data and then back-transforming the predictions with the exponential 

function, it is mathematically ensured that all resulting forecasts will be non-negative. This approach effectively mitigates the 

risk of negative value predictions and enhances the robustness of the forecasting process (Y. Zhang et al., 2015b). To 

improve model stability and address the positive skew in the target variable in the RECS and ResStock datasets, we applied a 

logarithmic transformation before regression analysis. We added a small constant ( ) to all target values to 

handle the logarithm's undefined nature at zero. This transformation reduced heteroscedasticity, lessened the effect of 

extreme values, and emphasized multiplicative relationships. After modeling, we exponentiated the predicted values to revert 

them to their original scale. This reduced the number of negative values in the predictions of total energy consumption and 

space heating and cooling to zero across both datasets. There were no negative values in the CatBoost forecasts for total 
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energy consumption for RECS (Table 2), so this target variable didn't undergo log transformation. Using the ResStock 

dataset CatBoost initially produced negative values for all three target variables (Table 4). Tables 5 and 6 show the 

performance metrics post-logarithmic transformation of the RECS and ResStock datasets, respectively. As with the pre-

logarithmic transformation, CatBoost (bold type) was the most accurate ML for the post-logarithmic transformation. 

Table 5: Performance metrics post-logarithmic transformation for the RECS dataset 
Target Variable ML Models R2 MAE RMSE 

Total Energy Consumption 

LightGBM 0.714 17,795 24,294 

Random Forest 0.691 18,506 25,242 

CatBoost 0.726 17,338 23,788 

XGBoost 0.695 18,444 25,090 

Neural Network 0.718 17,750 24,133 

Space Heating 

LightGBM 0.69 11,711 17,547 

Random Forest 0.683 11,877 17,758 

CatBoost 0.706 11,420 17,100 

XGBoost 0.669 12,056 18,134 

Neural Network 0.68 11,855 17,839 

Space Cooling 

LightGBM 0.554 2,684 3,913 

Random Forest 0.517 2,777 4,073 

CatBoost 0.562 2,646 3,877 

XGBoost 0.521 2,834 4,055 

Neural Network 0.541 2,700 3,969 

 For the RECS dataset, the log transformation reduced the influence of extreme percentage-based errors but, in some cases, 

degraded performance metrics evaluated on the original scale (R², MAE, RMSE). After exponentiating predictions back to 

the original scale, small deviations in log space can become amplified for larger target values, leading to increased absolute 

errors, which for space cooling ranged from approximately 10% to 15% for all metrics and all MLMs, though slightly less for 

Neural Network. For space heating the reduction in accuracy following log transformation was typically less than 8% for all 

combinations. The results suggest that the original model exhibited instability driven by very small true values, and the 

logarithmic transformation smoothed the relative scale of the data. Although the transformation improved the stability of 

relative error behavior, reconversion to the original metric space introduced some distortion, resulting in a slight decline in 

absolute performance metrics. Forecasts for the ResStock dataset were broadly similar pre- and post-transformation for total 

energy consumption and space heating. Reduced accuracy for total energy was less than 5.5% for all metrics and for all 

MLMs except Neural Network, for which the transformation produced slightly better accuracy for all three metrics. For space 

heating changes to accuracy metrics post-transformation were mixed but typically less than 3% in either direction (Table 6), 

while all three metrics for space cooling improved substantially following transformation. For total energy, the log 

transformation resulted in only minor changes to absolute metrics, indicating comparable predictive accuracy on the original 

scale. The effect was more pronounced for heating and cooling, where extreme error behavior associated with zero or near-

zero target values was substantially mitigated after transformation. Overall, the logarithmic transformation regularized model 

behavior by reducing small-denominator instability and yielding more coherent and consistent error patterns across all three 

forecasting tasks. Figures 3 and 4 present the actual versus predicted regression plots for CatBoost after logarithmic 

transformation for total energy consumption, space heating, and space cooling for the RECS and ResStock datasets, 

respectively.  

Table 6: Performance metrics post-logarithmic transformation for the ResStock dataset 
Target Variable ML Models R2 MAE RMSE 

Total Energy Consumption 

LightGBM 0.795 5,397 7462 

Random Forest 0.865 4,346 6052 

CatBoost 0.903 3,672 5133 

XGBoost 0.884 4,096 5620 

Neural Network 0.898 3,815 5252 

Space Heating LightGBM 0.832 11,477 16837 
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Random Forest 0.895 8,566 13326 

CatBoost 0.926 7,037 11160 

XGBoost 0.916 7,961 11905 

Neural Network 0.922 7,242 11485 

Space Cooling 

LightGBM 0.845 7,088 10160 

Random Forest 0.899 5,455 8212 

CatBoost 0.928 4,517 6911 

XGBoost 0.911 5,236 7675 

Neural Network 0.921 4,843 7253 

Figure 3 Actual vs Predicted Regression Plots post-logarithmic transformation for the RECS dataset 

As shown in Figure 3, the negative predictions no longer occur, and all forecast values are physically plausible owing to the 

logarithmic transformation methodology. Similarly, for the ResStock dataset, negative values no longer appear in Figure 4, 

thereby improving accuracy in space cooling forecasting and increasing confidence in this approach. 

Figure 4 Actual vs Predicted Regression Plots post-logarithmic transformation for the ResStock dataset 

DISCUSSION 

Standard machine learning (ML) energy forecasting models can produce physically implausible values, such as negative 

energy consumption or negative heating and cooling loads, due to inherent limitations which do not follow thermodynamic 

principles. Although these models excel at identifying intricate statistical patterns in data, their reliance on purely 

mathematical data-driven approaches can lead to predictions that contradict the laws of physics (Quarteroni et al., 2025). This 

study applied a transformation by using a log function on the target variable, like energy consumption or heating/cooling 

loads, before training various machine learning models. Logarithmic transformation stabilizes variance, helps correct skewed 

data distributions often present in energy datasets, eliminates nonsensical negative values, and brings them onto a comparable 

scale. Sensible heat transfer follows a multiplicative relationship; the product of the heat transfer coefficient (U), area (A), 

and temperature differential (ΔT). Standard machine learning algorithms use additive operations, which can limit their 
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effectiveness. A logarithmic transformation concerts this to an additive relationship: (ln (U x A x ΔT) becomes ln(U) + ln(A) 

+ ln(ΔT), allowing tree-based and linear models to better capture building energy mechanics, and prevents models from 
yielding unrealistic negative energy values. Comparing both datasets and all three target variables, CatBoost emerged as the 

superior mode, possibly due to its inherent capability to process data natively, reducing the need for extensive manual 

preprocessing, typically required by conventional gradient boosting frameworks (Hancock & Khoshgoftaar, 2020). 

In the initial applications of this technique, a constant value of 10-3 was selected to eliminate the negative values associated 

with energy performance forecasting. When this constant was applied to the RECS dataset, the accuracy metrics for total 

energy consumption remained unchanged because the forecasts contained no negative values. However, for space heating and 

cooling, the R2 values decreased, whereas the Mean Absolute Error (MAE) and Root Mean Square Error (RMSE) remained 

unchanged. For high-variance variables like space heating and space cooling, the log-transformation introduced a bias-

variance trade-off that was detrimental to the model's explanatory power. The decrease in R² suggests that the model had 

difficulty capturing the data's dynamic range, likely because the peak values were compressed on the logarithmic scale. This 

clearly illustrates that the method is sensitive to the target distribution and may not be appropriate for intermittent loads 

compared to the baseline. For the ResStock dataset, the R2 values for total energy consumption and space heating were nearly 

unchanged, whereas those for space cooling increased. The MAE and RMSE values showed only slight improvement in 

forecasting total energy consumption and space heating, while space cooling showed a substantial decrease (over 1,000 

kWh). Furthermore, the logarithmic transformation methodology helped eliminate 227 negative forecasts (1.23% of the 

dataset) from the RECS dataset and 5,109 (0.93% of the dataset) from the ResStock dataset. The value of models that provide 

better predictive metrics but also blindly produce impossible predictive results is somewhat illusory. 

Traditional regression models typically aim to minimize the Mean Squared Error (MSE), which leads to metrics such as R2 

and RMSE becoming key targets for optimization (Dumre et al., 2024). However, these metrics focus primarily on overall 

statistical fit and penalize significant deviations without considering whether the predicted values adhere to fundamental 

physical laws. In the context of energy performance forecasting, employing a logarithmic transformation involves a 

conscious trade-off: conventional accuracy metrics such as R2, MAE, and RMSE may be compromised in favor of ensuring 

the plausibility of the results. This strategic choice emphasizes physically plausible outcomes, such as non-negative energy 

consumption, space heating, and space cooling, rather than solely striving for the lowest statistical error on the original scale. 

This is an important aspect and step to consider when developing ML models, since these forecasts have implications for 

energy-efficiency retrofit decisions, which are driven by financial incentives, shareholder investment, and utility allowances 

for income-qualified housing. 

CONCLUSIONS 

Machine learning models CatBoost, LightGBM, Random Forest, XGBoost, and a Neural Network were developed for two 

open-source, nationally representative datasets, RECs and ResStock. These models aimed to forecast energy consumption, 

space heating, and space cooling by utilizing a combination of data-driven and statistical modeling techniques. The 

methodology included data preprocessing, outlier removal, hyperparameter tuning, and meta-stacking. During the forecasting 

process, several physically implausible negative forecasts were identified in both datasets. To rectify these anomalies, a 

logarithmic transformation method was employed. This involved adding a very small constant value to eliminate negative 

forecasts when converting the variables back from the logarithmic scale. This approach effectively eliminates physically 

implausible negative consumption values that purely data-driven models might produce when attempting to minimize RMSE 

on skewed datasets, with only minor changes in the accuracy of R2 and MAE metrics. Both before and after the logarithmic 

transformation, CatBoost ML provided the most accurate results. 
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NOMENCLATURE 

= Original energy consumption (kWh or BTU) 

= Log-transformed energy consumption 

= Predicted energy consumption (original scale) 

= Predicted energy consumption (log scale) 

= Small positive constant added prior to logarithmic transformation 

= Coefficient of determination 

= Mean Absolute Error 

= Root Mean Squared Error 

= Mean Squared Error 

= Number of observations 
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