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Abstract - Chiller systems account for a considerable amount of energy 
consumption in commercial buildings, which highlights the need of precise 
energy prediction for operational efficiency and efficient energy management. 
The standard prediction approaches have difficulties due to the nonlinear 
interactions between the external variables, the building loads and the chiller 
operating parameters. The study aims to evaluate the efficiency of Gradient 
Boosting Trees (GBT) in predicting chiller energy consumption and compare its 
accuracy with eXtreme Gradient Boosting (XGBoost) and Feedforward Neural 
Networks (FFNN). The models were constructed based on operational data from 
a commercial building located in Singapore, with factors such as external 
temperature, building load and chiller operating parameters. Data pretreatment 
and feature engineering were performed to improve prediction performance, and 
grid search was used for hyperparameter optimization. The model evaluation was 
carried out using the coefficient of determination (R2), root mean square error 
(RMSE) and mean absolute error (MAE). GBT (R² = 0.9617) had the best 
prediction accuracy and was slightly better than XGBoost (R² = 0.9586), whilst 
FFNN exhibited the lowest prediction performance. These results show the 
effectiveness of GBT in modeling energy consumption of chillers and the 
potential of tree-based ensemble learning for building energy prediction. Future 
study can be extended by considering more operational variables and new 
optimization techniques to further enhance the prediction accuracy. 
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1. Introduction 
Chiller systems represent a substantial part of energy consumption in commercial buildings and play a significant part in 
providing indoor thermal comfort. Hence, enhancement of chillers efficiency is an important aspect in building energy 
management. Accurate prediction of chiller energy use enables facility managers to improve system efficiency, reduce 
energy expenditures, and manage facilities more effectively. This is a common use of traditional forecasting methods, 
such as regression algorithms or thermodynamic models. However, these methods typically necessitate extensive domain 
expertise and fail to adequately capture the complex nonlinear interactions within building operating conditions [1–4]. In 
recent years, the breakthroughs in artificial intelligence have opened the way for the application of machine and deep 
learning methods for energy forecasting. Machine learning algorithms have been found to have good performance in 
predicting building energy use since they are able to learn from previous data without explicit physical modeling [7–11]. 
Deep learning models can also reflect complicated interactions between environmental and operational variables, when 
huge datasets and nonlinear dynamics are involved [12–17]. These technical advances have motivated the development 
of data driven methodologies to improve the accuracy of chiller energy consumption prediction. 

Gradient Boosting Trees (GBT) are one of the widely used machine learning approaches that have received great 
attention owing to their capacity to learn nonlinear relationships through sequential learning and error correction [18–21]. 
GBT builds an ensemble of decision trees, each new tree being trained to correct the prediction mistakes of the previous 
trees. This approach has been successfully applied to several prediction and forecasting settings. The eXtreme Gradient 
Boosting (XGBoost) is a highly optimized gradient boosting algorithm that provides outstanding predictive performance 
owing to its improved computing efficiency and regularization [22–27]. In addition, Feedforward Neural Networks 
(FFNN) are still popular deep learning architectures for simulating complex input-output interactions in energy systems 
[28–33]. Although previous studies have reported excellent results using a single machine learning or deep learning 
model, comparable studies under uniform modeling settings are rare, notably in the field of chiller energy consumption 
prediction. Moreover, the effect of operational and environmental variables on the predictive performance of the model 
is not always fully defined. Therefore, choosing an optimal forecasting model for practical application is a challenging 
task. Therefore, this work uses GBT to estimate chiller energy usage with operational data from a commercial building 
in Singapore. We compare the performance of GBT with XGBoost and FFNN on the same datasets, pre-processing 
techniques and evaluation measures. Model performance is tested using coefficient of determination (R²), root mean 
square error (RMSE), mean absolute error (MAE), maximal error and forecast variability. The results provide insight into 
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the relative strengths of tree-based ensemble learning and neural network approaches for modelling chiller energy usage 
and hence assist the selection of appropriate forecasting models for building energy management. 

2. Materials and Methods 
Figure 1 depicts the proposed framework. The methodology includes data pre-processing, feature engineering, model 
development, hyper-parameter tuning and performance evaluation. Three prediction models, Gradient Boosting Trees 
(GBT), eXtreme Gradient Boosting (XGBoost) and Feedforward Neural Networks (FFNN) were built and evaluated using 
the same dataset and modeling technique. After the model training, the predicted results were compared with the actual 
energy consumption data to find out the most appropriate prediction model. 

Data for prediction of energy usage were collected from a commercial building in Singapore equipped with a chiller 
system [7]. The data ranges from January 1, 2022 to December 31, 2024 and consist of a total of 13,561 samples. Data 
preprocessing was performed before analysis to improve the quality of data by removing outliers, addressing missing 
values and normalizing numerical features between 0 and 1. Then, feature engineering was performed to improve the 
prediction performance. The main features are holidays, settlement periods and time-based elements such as month, week, 
year and quarter. These were included to account for the seasonal and operational fluctuations in energy consumption. 
The goal variable was the Transmission System consumption (TSD), which is the entire electricity consumption of the 
chiller system. 

The prediction task was formulated as a supervised regression problem with operational, temporal and environmental 
factors as input features to predict chiller energy consumption. The dataset was randomly split into training (70%), 
validation (15%) and testing (15%) sets. Model parameters were estimated using the training dataset and hyperparameter 
tuning was performed using the validation dataset. The testing dataset was used for the final model evaluation on unseen 
data. Repeated random subsampling cross-validation was used throughout the model development process to increase the 
reliability of model evaluation. 

Hyperparameter optimization was used to find the best setting for each model based on a grid search approach. The 
optimization was performed over 500 iterations and 10 simulations. The FFNN architecture includes an input layer for 
the engineering features, the optimized hidden layers, and a single output neuron representing the chiller energy usage. 
The optimization for GBT and XGBoost was based on features such as tree depth, learning rate, and the number of 
estimators.  

 

Figure 1. Flowchart of the proposed work  
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Additional climatic variables were incorporated in the modeling framework including wet-bulb temperature, relative 
humidity, and precipitation from Singapore weather records.Time-lagged variables from 0 to 6 hours were included to 
account for delayed thermal responses in the building and chiller system. A seven-day exponentially weighted moving 
average of TSD was added to capture short-term demand patterns. A binary post-COVID occupancy indicator was added 
to distinguish the transition period after the return-to-office phase in 2022 from the more stable occupancy trends observed 
in 2023–2024. All engineering variables were assessed using the Variance Inflation Factor (VIF), and only variables 
meeting the threshold of VIF < 5 were retained for model construction. 

The evaluation of model performance utilized the coefficient of determination (R²), root mean square error (RMSE), 
mean absolute error (MAE), and standard deviation of prediction errors. The coefficient of determination (R²) quantifies 
the fraction of variation in the observed data that is elucidated by the model. Values approaching 1 signify superior 
prediction performance, as delineated in Eq. (1). 

 

𝑅ଶ = 1 −
∑ (𝑦௜ − 𝑦పෝ)ଶ௡

௜ୀଵ

∑ (𝑦௜ − 𝑦ത)ଶ௡
௜ୀଵ

 (1) 

The RMSE measures the average prediction error with the square operation giving more weight to larger errors. The 
lower the values, the better the prediction and the agreement between the measured values. MAE is a statistic that 
measures the average size of the errors in a set of predictions, regardless of their direction. The RMSE and MAE are 
calculated as Eq. (2) and Eq. (3) accordingly. 
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The standard deviation of prediction errors indicates the variation of the model mistakes around their average value. 

Eq. (4) . Lower standard deviation value represents more reliable model prediction . 

Standard Deviation = ඩ
1

𝑛
෍(𝑦 − 𝑦ത)ଶ

௡

௜ୀଵ

 (4) 

where 𝑦௜ represents the measured chiller energy consumption, 𝑦ො௜ denotes the predicted value, 𝑦̄ represents the mean 
measured value, and 𝑛is the total number of observations. 

3. Results and Discussion 
The same dataset and modelling process were used to compare the prediction performance of GBT, XGBoost, and FFNN. 
Models were compared based on prediction accuracy, error metrics, and performance on previously unidentified test data. 
The findings provide a foundation for evaluating each model's viability for predicting chiller energy use. 

Figure 2 shows the actual and predicted chiller energy consumption calculated using the GBT model. The measured 
energy usage is shown by the solid blue line, and the projected numbers are shown by the dashed red line. As a rule, the 
projected values are closely matched to the measured consumption pattern indicating that the model was able to capture 
the relationship between input variables and energy demand accurately. Some discrepancies are seen during peak-load 
conditions in which the model tends to underestimate the highest energy consumption figures. However, the measured 
and anticipated statistics are in good agreement under most operational situations. The finding is in line with the 
performance parameters presented in Table 1, indicating that GBT had the highest coefficient of determination and lowest 
prediction errors of the assessed models. 

Figure 3 illustrates the largest GBT model prediction error with the actual energy usage being 178.5 kW and the 
predicted value of 127.447 kW. This indicates that the model tends to underpredict the energy consumption for this peak-
load condition. The graph shows that the error is only in one localized area of high demand and the overall trend is in 
agreement with the observed data. The GBT model generally was good at monitoring the energy of chiller usage under 
normal operating conditions but was less accurate at capturing high demand peaks. The model exhibited good predictive 
performance as seen from the highest R 2 value and lowest RMSE and MAE values in Table 1. 

Figure 4 depicts the largest prediction error of the XGBoost model. The measured energy consumption of the chiller 
was 165.3 kW, while the predicted value was 122.099 kW. Similar to the GBT model, the largest prediction deviation 
occurred during a peak-demand event, where the model underestimated the actual energy consumption. As can be seen 
from the figure, the predicted values were generally consistent with the measured trend, suggesting satisfactory predictive 
performance of the model under most operating conditions. However, the increased deviation at high energy demand 
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implies that the model was less successful in capturing the peaks of the energy consumption. This is consistent with the 
performance metrics in Table 1, where the XGBoost model achieved high overall prediction accuracy but was slightly 
inferior to the GBT model in terms of RMSE, MAE and R2. 

The highest prediction error of the FFNN model is shown in Figure 5. The actual energy consumption of the chiller 
was 183.3 kW but the predicted value was 112.387 kW. In comparison to GBT and XGBoost, FFNN had a wider deviation 
for peak-demand conditions, indicating lower accuracy in capturing extreme energy consumption events. The graph 
shows that the model was able to capture the overall trend of the energy consumption but its predictive performance 
deteriorated with significantly increased energy demand. This is also supported by the performance metrics shown in 
Table 1 where FFNN had the highest RMSE and MAE values, and the lowest coefficient of determination (R2). The 
results suggest that the FFNN model was not as effective as the tree-based models in predicting chiller energy 
consumption for the investigated dataset. 

Figure 2. Actual versus predicted using the GBT model 

Figure 3. Max error obtained by the GBT model 
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Figure 4. Max error obtained by the XGBoost model 

 

Figure 5. Max error obtained by the FFNN model 

Table 1 summarizes the prediction performance of GBT, XGBoost and FFNN models for the prediction of chiller 
energy consumption. GBT model provides the lowest RMSE (6.0909), the lowest MAE (3.9734) and the highest R2 
(0.9617) indicating the best overall prediction accuracy. XGBoost model provides comparable results with RMSE of 
6.1166, MAE of 4.2843 and R2 of 0.9586 indicating the strong prediction capability across the dataset. FFNN model 
provides the highest RMSE (7.6519), the highest MAE (5.3725) and the lowest R2 (0.9361) indicating the comparatively 
lower prediction accuracy. The results in Table 1 are in line with the graphical results shown in Figures 2–5. GBT and 
XGBoost captured the overall trend of chiller energy consumption relatively well with relatively small prediction errors, 
while FFNN prediction errors were relatively larger, particularly at peak-demand conditions. Although XGBoost had the 
lowest maximum error (43.2012), GBT had lower average prediction errors and higher coefficients of determination, 
demonstrating more consistent overall performance. Despite achieving competitive RMSE and R2 values, XGBoost had 
a much larger standard deviation of prediction errors (29.2138), indicating more variability in prediction performance 
across the dataset. Moreover, the lower standard deviation of prediction errors from GBT also indicates a higher prediction 
stability under different operating conditions. To conclude, based on the complete assessment of RMSE, MAE, R2 and 
the prediction variability, GBT achieved the most balanced performance among the models investigated, representing a 
feasible approach for predicting chiller energy consumption in commercial buildings. 
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Table 1. Performance of GBT, XGBoost, and FFNN for chiller energy consumption prediction 

Model type GBT XGBoost FFNN 

RMSE 6.0909 6.1166 7.6519 

MAE 3.9734 4.2843 5.3725 

Max Error 51.0531 43.2012 70.9128 

Standard Deviation 5.9010 29.2138 7.6446 

R2 0.9617 0.9586 0.9361 

4. Conclusions 
In conclusion, this research assessed the performance of GBT, XGBoost and FFNN in predicting the energy consumption 
of a commercial building chiller based on operational data. GBT outperformed the other models with the lowest RMSE 
(6.0909), lowest MAE (3.9734) and highest coefficient of determination (R2 = 0.9617). The findings indicate that tree-
based ensemble learning models are effective in modeling the nonlinear relationship between operational variables and 
chiller energy consumption. Despite the strong predictive ability of XGBoost, GBT offered the most balanced 
combination of accuracy, robustness and generalization capability. On the other hand, FFNN demonstrated relatively 
lower prediction accuracy, especially when the chiller was operating at peak-demand conditions. The overall results 
indicate GBT is a suitable approach to predict chiller energy consumption and can play a role in data-driven energy 
management of commercial buildings. The results also indicate the potential of tree-based ensemble-learning approaches 
to facilitating better informed decisions for building energy management and operational planning. Future research can 
incorporate more operational variables and advanced optimization approaches to further improve the prediction 
performance. 
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