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Abstract 

 Heating, ventilation, and air-conditioning (HVAC) systems are among the most energy-

intensive components in commercial buildings. Accurate forecasting of HVAC energy 

consumption is essential for implementing energy-efficient control strategies. This study 

provides a detailed comparative analysis of classical machine learning (ML) and deep learning 

(DL) models for forecasting HVAC energy consumption using both predicted and actual indoor 

temperature data. Leveraging an open-source, high-resolution dataset from the Oak Ridge 

National Laboratory's FRP-2 multizone building, we implement a two-stage framework. The 

first stage involves temperature prediction using relative humidity and airflow data, while the 

second stage forecasts HVAC energy consumption using either predicted or actual temperature 

inputs. We evaluate Linear Regression, Random Forest, Support Vector Machine, GRU, and 

LSTM models. The results reveal that while models with actual temperature inputs yield 

superior accuracy (R² up to 0.884), models using predicted temperatures still achieve 

competitive performance. Our findings suggest that ML and DL models, particularly LSTM, 

offer promising capabilities for real-time energy forecasting in smart building environments. 

Keywords - HVAC prediction, machine learning, deep learning, GRU, LSTM, energy 

forecasting, temperature prediction, building energy management. 

1. Introduction 

Heating, ventilation, and air-conditioning (HVAC) systems play a pivotal role in maintaining 

indoor thermal comfort in residential and commercial buildings. However, they are also known 

for being some of the most energy-intensive subsystems in the built environment. According 

to the U.S. Department of Energy, HVAC systems account for nearly 40% of total building 

energy consumption in commercial facilities [1]. In the context of increasing urbanization, 

climate change concerns, and the global push toward net-zero buildings, improving the energy 

efficiency of HVAC systems has become more critical than ever. One of the most effective 

strategies to achieve this is through accurate energy forecasting, which allows for proactive 

HVAC control, peak load reduction, and integration with smart grid technologies [2], [3], [4]. 
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Traditional HVAC energy modeling approaches often rely on physics-based simulations, such 

as EnergyPlus and TRNSYS, which require detailed inputs related to building materials, 

geometry, occupancy patterns, and HVAC system specifications [5]. While accurate, these 

models are computationally intensive and may not be feasible for real-time applications or 

large-scale deployment. As an alternative, data-driven approaches using machine learning 

(ML) and deep learning (DL) have gained prominence [6]. These methods can capture complex 

patterns in historical data and generalize well across varying conditions, provided they are 

trained on sufficient and representative data [7], [8]. 

However, a common limitation in many data-driven HVAC studies is the assumption that 

indoor environmental variables, such as temperature, are known in advance or measured in real 

time. In reality, when designing predictive control systems, future temperature values are often 

not available at the time of decision-making [3], [5]. This introduces a critical question: how 

do different ML and DL models perform when the temperature input is predicted rather than 

measured? This study aims to address that question through a comprehensive comparison of 

several popular models using both actual and forecasted temperature data for HVAC energy 

prediction. 

We evaluate the performance of Linear Regression, Random Forest, Support Vector Machine, 

Gated Recurrent Unit (GRU), and Long Short-Term Memory (LSTM) models within a two-

stage forecasting framework. The first stage predicts temperature using other sensor data, and 

the second stage uses either the actual or predicted temperature to forecast HVAC energy 

usage. This structure mimics real-world conditions where predictive models must operate 

based on uncertain or estimated inputs. Using a high-resolution dataset from the Oak Ridge 

National Laboratory's FRP-2 multizone test facility, we explore how the accuracy and 

efficiency of energy predictions vary between models and input types. This paper contributes 

not only to the field of smart building energy analytics but also to the design of practical, real-

time control systems that rely on reliable forecasts. 

2. Related Work 

Research on HVAC energy prediction has evolved significantly over the past two decades, 

driven by both advancements in computational tools and growing environmental awareness. 

Earlier works focused primarily on physics-based simulations that model thermodynamic 

processes within buildings. Tools like EnergyPlus and TRNSYS have been widely used to 

simulate building performance under various design and operational conditions [9]. While 

these tools offer high fidelity, they require extensive information about the building structure, 

material properties, HVAC system configuration, and usage patterns, which can be costly and 

time-consuming to obtain and maintain [10], [11]. 

With the proliferation of sensor technologies and the Internet of Things (IoT), data-driven 

methods have emerged as a viable and scalable alternative. These approaches leverage 

historical operational data to train statistical or machine learning models capable of forecasting 

future energy use. Commonly applied machine learning techniques in the building energy 

domain include Linear Regression, Decision Trees, Random Forests, and Support Vector 
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Machines. These models are relatively easy to implement and interpret, and they offer good 

performance when sufficient training data is available [12], [13]. 

Recent years have seen a surge in the application of deep learning models, particularly those 

suited for time-series data. Recurrent Neural Networks (RNNs), and more specifically their 

variants such as Long Short-Term Memory (LSTM) and Gated Recurrent Unit (GRU) 

networks, have shown remarkable success in capturing the temporal dependencies present in 

building performance data [14], [15]. Studies by researcher demonstrated that LSTM networks 

outperformed traditional models in predicting cooling and heating loads in large commercial 

buildings. Moreover, deep learning models can handle nonlinear relationships and high-

dimensional inputs, which are common in real-world HVAC systems [9], [16]. 

Several hybrid approaches have also been proposed to combine the strengths of different 

modeling paradigms. For example, ensemble models that integrate Random Forests with 

Neural Networks have shown improved accuracy in complex forecasting tasks. Hybrid models 

often aim to leverage the feature extraction capabilities of classical ML methods with the 

sequence learning abilities of DL models [17], [18]. 

Despite these advances, few studies explicitly examine how forecasting performance is 

affected when input variables like indoor temperature are predicted rather than measured. This 

gap is particularly relevant for predictive HVAC control, where real-time or future temperature 

values are not available. A study highlighted the need for more robust forecasting pipelines 

that can operate under input uncertainty. 

In light of this, our study is positioned to fill a critical research gap by evaluating how different 

ML and DL models perform in a two-stage forecasting setup: first predicting temperature and 

then using that prediction for energy forecasting. We extend prior work by not only comparing 

the models on predictive accuracy but also on practical metrics such as energy savings and 

model robustness, thereby contributing to the development of reliable and deployable HVAC 

forecasting systems. 

3. Dataset Description 

This study uses the publicly available building energy dataset developed by Yoon et al. (2022), 

published in the journal Scientific Data [19]. The dataset was generated through experiments 

conducted at the Flexible Research Platform 2 (FRP-2) testbed located at Oak Ridge National 

Laboratory (ORNL), a facility known for its contributions to advanced building performance 

research. FRP-2 is a multizone, unoccupied commercial building designed to emulate realistic 

HVAC operations while minimizing internal load variability. This makes it an ideal source for 

high-quality, controlled datasets suitable for the development and benchmarking of machine 

learning (ML) and deep learning (DL) models. The HVAC system architecture and sensor 

placements are depicted in Fig. 1. This configuration, featuring VAV boxes, rooftop units, and 

distributed sensors, enables zone-wise data capture critical for multi-input prediction models 

[20], [21]. 
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Fig. 1 Diagram of the HVAC system in the FRP-2 building, including sensor placements 

and control logic under different test settings. 

The FRP-2 dataset encompasses several HVAC operation scenarios, including heating, 

cooling, and economizer modes. For this research, we focus specifically on the baseline heating 

scenario, which reflects a standard heating mode without advanced control interventions. The 

dataset for this scenario is provided as a CSV file named Building_Base_Heating.csv. It 

contains high-resolution measurements recorded at one-minute intervals over several days, 

providing ample granularity for both short- and long-term forecasting. 

The dataset includes the following key feature categories: 

1. Temperature Features (T_*): These represent the indoor air temperature 

measurements from various thermal zones within the building. The zones are equipped with 

sensors that report temperature values in degrees Celsius. The temperature data serve as both 

targets (in the first stage of our prediction pipeline) and input features (in the second stage). 

2. Relative Humidity Features (RH_*): These capture the humidity levels within each 

zone and are expressed as percentages. Humidity plays a significant role in HVAC operations, 

influencing both occupant comfort and energy use. 

3. Airflow Features (AF_*): These variables represent the airflow rates supplied to each 

zone, measured in cubic meters per minute. Airflow is a key indicator of HVAC system 

behaviour and is often correlated with energy consumption. 

4. Energy Use Variable (WH_RTU_Total): This is the primary target variable for the 

energy prediction task. It quantifies the total electrical energy consumed by the rooftop HVAC 

units (RTUs) during operation, measured in watt-hours (Wh). 

Before applying the ML and DL models, several preprocessing steps were performed on the 

raw dataset. First, the dataset was cleaned by removing the header row and parsing the 

TIMESTAMP column to a standard datetime format. All non-numeric or missing values were 

identified and handled through appropriate filtering. Next, the data were sorted chronologically 

and indexed by time to ensure temporal consistency. Numerical features were normalized using 

a Min-Max scaling technique to facilitate neural network training and improve model 

convergence. 



International Journal of Applied Mathematics  

Volume 38 No. 4s, 2025  
ISSN: 1311-1728 (printed version); ISSN: 1314-8060 (on-line version)  
 

Received: August 09, 2025  767 

The dataset’s structure and quality make it suitable for multi-step, multi-output forecasting. 

Because the building was unoccupied during data collection, it eliminates the noise introduced 

by unpredictable human behaviour, allowing the focus to remain on the thermal dynamics 

governed by the HVAC system. The consistent operational schedules and clearly labelled zones 

provide a well-controlled environment for isolating the effects of different input variables. 

Overall, the FRP-2 baseline heating dataset offers a rich and reliable foundation for evaluating 

machine learning pipelines in HVAC applications. Its open-access nature and detailed 

documentation also make it an excellent candidate for reproducibility and cross-study 

comparisons. 

4. Methodology 

This study adopts a two-stage machine learning and deep learning framework to forecast 

HVAC energy consumption using both predicted and actual temperature data. The 

methodology is designed to emulate real-world conditions where future sensor readings (such 

as indoor temperatures) are unavailable at the time of prediction, thus requiring models to rely 

on forecasted features. Our approach is motivated by the need for deployable and robust energy 

forecasting solutions in smart building systems. 

4.1 Overview of the Two-Stage Framework 

The forecasting pipeline consists of two sequential stages: 

• Stage 1: Temperature Prediction – Predict the indoor air temperature for each thermal 

zone using available data on relative humidity and airflow. This step simulates the use of a 

forecasting engine in cases where actual temperature values are not yet observable. 

• Stage 2: Energy Prediction – Use either the predicted or actual temperature values 

from Stage 1, along with relative humidity and airflow features, to predict the total energy 

consumption of the HVAC system. 

This separation allows us to evaluate not only the performance of the models in isolation but 

also the cumulative effect of using forecasted inputs on energy prediction accuracy. 

4.2 Input and Output Variables 

The inputs to Stage 1 include all RH_ (relative humidity) and AF_ (airflow) variables across 

zones. The outputs are the T_ (temperature) values for each zone. For Stage 2, the inputs 

include either the predicted or actual T_ values, along with RH_ and AF_ values, while the 

output is WH_RTU_Total — the total HVAC energy consumption. 

4.3 Data Preprocessing 

Prior to modeling, several preprocessing steps were undertaken: 

• Data Cleaning: Dropped the first row, parsed timestamps, and removed any rows 

containing NaNs or malformed data. 

• Feature Scaling: All numerical features were normalized using Min-Max scaling to 

[0, 1] range to ensure compatibility with neural network activation functions. 
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• Train-Test Split: The dataset was split chronologically into training (80%) and testing 

(20%) sets to preserve temporal integrity. 

4.4 Machine Learning and Deep Learning Models 

We evaluated five models commonly used in HVAC and energy forecasting literature: 

1. Linear Regression (LR): A baseline model that captures linear relationships. Useful 

for benchmarking more complex models. 

2. Random Forest (RF): A non-linear ensemble model consisting of multiple decision 

trees. Known for its robustness and feature importance interpretability. 

3. Support Vector Machine (SVM): Implemented with a radial basis function (RBF) 

kernel for non-linear regression. Well-suited for small to medium datasets. 

4. Gated Recurrent Unit (GRU): A recurrent neural network (RNN) variant optimized 

for sequence learning with reduced training complexity. 

5. Long Short-Term Memory (LSTM): A more complex RNN capable of learning long-

term dependencies. Well-suited for time-series prediction in HVAC systems. 

Each model was implemented using Python and relevant libraries: scikit-learn for ML models 

and TensorFlow/Keras for DL models. The GRU and LSTM models were constructed using 

one hidden layer of 64 units and trained for 20–50 epochs depending on convergence 

behaviour. 

4.5 Performance Metrics 

To evaluate the effectiveness of each model, we computed the following metrics: 

• Root Mean Squared Error (RMSE): Measures average prediction error magnitude. 

• R-squared (R²): Represents the proportion of variance in the dependent variable 

explained by the model. 

• Mean Absolute Error (MAE): Captures the average absolute difference between 

predicted and actual values. 

• Energy Saved (kWh) and Percent Saved (%): Calculated as the difference between 

actual and predicted total energy, serving as a proxy for control effectiveness. 

This rigorous methodology allows us to assess each model not only in terms of statistical 

accuracy but also in terms of energy efficiency potential — a critical consideration for smart 

building deployment. 

                                                      5. Experimental Results 

This section presents the performance evaluation of five machine learning (ML) and deep 

learning (DL) models across two experimental setups: one using actual indoor temperature (T_) 

values as inputs, and the other using predicted T_ values generated by Stage 1 of the forecasting 

pipeline. This dual-scenario analysis helps assess not only the predictive accuracy of each 

model but also their resilience to uncertain inputs. 
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5.1 Experiment Setup 

The Building_Base_Heating.csv dataset was pre-processed and divided chronologically into 

80% training and 20% testing sets to simulate realistic deployment scenarios. The energy 

prediction input features include temperature, relative humidity (RH_), and airflow (AF_) 

across several thermal zones. The target variable is WH_RTU_Total, representing total energy 

consumption of the HVAC system. 

Models were implemented using Python 3.10. ML models (Linear Regression, Random Forest, 

SVM) used Scikit-learn; DL models (GRU, LSTM) used TensorFlow/Keras. The DL models 

were trained using 64 hidden units for 20–50 epochs. For predicted temperature inputs, a GRU 

model forecasted T_ features, which were then passed to the second-stage models. 

Performance was measured using Root Mean Squared Error (RMSE), R-squared (R²), Mean 

Absolute Error (MAE), and total/percentage energy savings. 

5.2 Results with Predicted Temperature Inputs 

Table 1 summarizes the results when models were provided with predicted temperature data: 

Table 1. Model Performance Using Predicted T_ 

Model R² RMSE Energy Saved (kWh) Saved (%) 

Linear Regression 0.786 1071.03 249,804.62 12.51 

Random Forest 0.077 2222.07 534,618.06 26.77 

SVM 0.696 1274.44 31,012.18 1.55 

GRU 0.625 1415.81 –390,302.55 –19.55 

LSTM 0.821 978.65 –12,379.05 –0.62 

      LSTM achieved the best R² but had negative energy savings. Random Forest, despite its 

poor R², yielded the highest energy reduction, suggesting potential utility in energy 

management scenarios prioritizing efficiency over accuracy. 

5.3 Results with Actual Temperature Inputs 

Table 2 shows the performance when models used actual T_ values. 

Table 2. Model Performance Using Actual T_ 

Model R² RMSE Energy Saved (kWh) Saved (%) 

Linear Regression 0.884 761.19 213,981.76 2.31 

Random Forest 0.882 769.94 334,294.83 3.61 

SVM 0.800 1000.24 351,557.53 3.80 

GRU 0.874 794.44 154,073.53 1.66 

LSTM 0.862 832.23 30,765.53 0.33 
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Here, all models showed significant improvement in R² and RMSE. Linear Regression and 

Random Forest performed well, while LSTM maintained good accuracy but had limited 

energy-saving performance. 

5.4 Comparative Analysis 

To enable a comprehensive assessment of the evaluated models, we present visual comparisons 

using three key bar plots that reflect performance in terms of Root Mean Squared Error 

(RMSE), R² score, and Percent Energy Saved. These visualizations clarify the performance 

trade-offs and strengths of each machine learning and deep learning model under both actual 

and predicted temperature input scenarios. 

Fig. 2 illustrates RMSE values for each model. As expected, models using actual T_ inputs 

achieved significantly lower RMSE, indicating more accurate energy forecasts. LSTM 

achieved the lowest RMSE among DL models, followed closely by Linear Regression among 

ML models. In contrast, Random Forest had the highest RMSE when using predicted T_, 

showing sensitivity to input noise. 

 

Fig. 2 RMSE Comparison 

Fig. 3 presents the R² scores across models. Models fed with actual temperature data 

consistently performed better in terms of R². LSTM and Linear Regression demonstrated the 

strongest correlations between predicted and actual energy consumption. Random Forest’s R² 

dropped significantly with predicted T_, highlighting its lack of generalization in this context. 

 

Fig. 3 R² Score Comparison 
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Fig. 4 compares energy savings across models. Interestingly, Random Forest achieved the 

highest energy savings (26.77%) despite low R², suggesting it might optimize well for output 

range rather than error minimization. Linear Regression also showed considerable energy 

savings while maintaining accuracy. Models like GRU and LSTM had strong accuracy but did 

not convert that into equivalent energy savings. 

 

Fig. 4 Percent Energy Saved 

In addition to these bar plots, time-series line plots (Figure 5A) and scatter plots (Figure 6B) 

provide further insights. Line plots comparing actual and predicted energy values illustrate the 

models’ responsiveness and temporal alignment. Scatter plots help visualize the overall 

prediction fit; models like LSTM and GRU tend to cluster predictions closely along the 

diagonal, whereas Random Forest displays broader variance. 

 

Figure 5A: Time-Series Comparison 
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Figure 5B: Time-Series Comparison 

 

Figure 5C: Time-Series Comparison 

 

Figure 5D: Time-Series Comparison 

 

Figure 5E: Time-Series Comparison 
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Figure 6A: Scatter Plot Comparison                        Figure 6B: Scatter Plot Comparison 

 

Figure 6C: Scatter Plot Comparison                Figure 6D: Scatter Plot Comparison 

 

Figure 6E: Scatter Plot Comparison 
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     These figures collectively emphasize that predictive accuracy (as measured by RMSE and 

R²) and operational effectiveness (as reflected in energy savings) are not always aligned. Some 

models prioritize statistical fit, while others inadvertently optimize toward total consumption 

reduction. Therefore, selecting the appropriate model for a specific HVAC control or 

forecasting application should consider both predictive performance and energy impact. 

In summary, LSTM and Linear Regression appear to offer the most balanced performance, 

with LSTM showing resilience to predicted inputs and LR offering simplicity and consistency. 

Random Forest may be better suited for energy-centric applications where accuracy is 

secondary to cost or energy savings. 

                                                                 6. Discussion 

The results of this study reveal important insights into the applicability, robustness, and energy-

saving potential of machine learning (ML) and deep learning (DL) models in HVAC 

forecasting under realistic constraints. By evaluating model performance across two input 

conditions—actual and predicted indoor temperatures—we provide a nuanced understanding 

of model behavior in both ideal and practical scenarios. 

First and foremost, models utilizing actual temperature data consistently achieved higher 

accuracy as measured by R² and lower RMSE values. This finding aligns with existing 

literature that confirms the advantage of complete and accurate input information in supervised 

learning contexts. For instance, Linear Regression and Random Forest models both achieved 

R² values above 0.88 when fed with actual temperatures, while GRU and LSTM also performed 

well with R² scores near 0.87 and 0.86, respectively. These results validate the predictive power 

of ML and DL models in a best-case scenario where sensor inputs are available in real-time. 

However, the predicted temperature scenario—arguably more reflective of real-world building 

control applications—yielded more complex outcomes. While LSTM maintained strong 

performance (R² = 0.821) even with predicted inputs, its ability to translate accuracy into 

energy savings was limited. Conversely, the Random Forest model, which exhibited poor R² 

(0.077), paradoxically achieved the highest energy savings (26.77%). This discrepancy 

suggests that statistical accuracy alone may not fully explain energy efficiency outcomes, and 

alternative metrics such as cost savings or cumulative energy reduction may be more relevant 

in operational contexts. 

One possible explanation for these contrasting results is the nature of the learning objectives 

and optimization criteria within each model. DL models like LSTM and GRU are generally 

optimized for minimizing error across the entire dataset, which may lead to conservative 

predictions that stay close to mean values. While this improves metrics like RMSE and R², it 

may fail to identify aggressive energy-saving opportunities. On the other hand, Random Forests 

can overfit certain data patterns, resulting in predictions that align more with energy-saving 

targets even if they deviate from observed trends. This divergence illustrates a crucial trade-off 

between fidelity and impact in building energy forecasting. 

Another noteworthy observation is the performance consistency of Linear Regression across 

both scenarios. While it lacked the sophistication of more complex models, it consistently 
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produced stable results with low error and positive energy savings. This reinforces the 

argument that simpler models may offer valuable performance-to-complexity trade-offs, 

especially in smaller buildings or systems with limited computational capacity. 

The findings also raise practical considerations for smart building system designers. In 

environments where real-time temperature measurements are unavailable or costly, reliance on 

forecasted temperature inputs is inevitable. Our results show that even in such conditions, 

LSTM models can maintain acceptable predictive performance. However, integrating these 

models into real-time control systems will require attention to robustness, retraining schedules, 

and sensor drift. 

Lastly, visual analysis through scatter plots and time-series comparisons confirmed the 

variability in prediction behavior among models. LSTM and GRU maintained close alignment 

with actual energy values but showed lag in response to sharp load changes. Random Forest 

captured some of these fluctuations better, possibly contributing to its higher energy savings 

despite lower overall accuracy. 

In summary, this discussion underscores the importance of evaluating both statistical 

performance and domain-specific outcomes like energy savings. It advocates for a holistic 

model assessment strategy that incorporates accuracy, interpretability, computational cost, and 

real-world feasibility—an essential perspective for transitioning HVAC prediction models 

from research to deployment. 

7. Conclusion 

This study evaluates a range of machine learning (ML) and deep learning (DL) models for 

HVAC energy forecasting using both predicted and actual temperature inputs. By simulating 

real-world scenarios where future temperature values may be unavailable, we implement a two-

stage architecture using a high-resolution dataset from Oak Ridge National Laboratory. Five 

models—Linear Regression, Random Forest, Support Vector Machine, GRU, and LSTM—

were assessed based on prediction accuracy and energy savings. 

Results show that models using actual temperature data deliver superior accuracy (R² up to 

0.884), while models using predicted temperatures still provide competitive performance. 

Notably, LSTM maintained high accuracy even under input uncertainty, making it a strong 

candidate for real-time applications. Random Forest achieved the highest energy savings 

(26.77%) despite a low R², highlighting the importance of evaluating models on both statistical 

and practical performance. 

These findings suggest that DL models like LSTM and GRU are well-suited for predictive 

control environments, while simpler models such as Linear Regression offer stable, 

interpretable performance. The divergence between accuracy and energy efficiency 

underscores the need to include domain-specific metrics when assessing model suitability. 

Future work may incorporate external data sources, such as weather forecasts, and explore 

integration with control strategies like model predictive control (MPC). Overall, the proposed 

two-stage framework offers a robust, scalable solution for intelligent HVAC forecasting and 

supports the development of energy-efficient, data-driven building management systems. 
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