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S obzirom na nagli porast potreba za hlađenjem, precizno predviđanje potrošnje energije rash-

ladnih sistema postaje sve značajnije. Za rešavanje ovog složenog problema, poslednjih decenija se 

intenzivno koriste “black-box”modeli, koji primenjuju metode veštačke inteligencije. U cilju un-

apređenja tačnosti predviđanja, razvijeni su različiti pristupi, među kojima se posebno izdvaja 

tehnika ansambla, u kojoj se više pojedinačnih modela kombinuje u zajednički izlaz. U ovom radu, 

potrošnja energije za hlađenje poslovnog objekta se prvo modeluje osnovnim modelom Decision 

Tree. Tačnost predviđanja se dalje unapređuje primenom dve strategije ansambla: bagging pristupa 

koji se koristi kod Random Forest modela i boosting pristupa, primenjenog kod Gradient Boosting 

Machine modela. Svi modeli su obučeni i testirani na realnoj bazi podataka dobijenoj merenjem. 

Razvijeni modeli imaju veliki potencijal za primenu u upravljanju. Integrisanjem prediktivnih modela 

u sistem za centralno upravljanje i nadzor (BMS) mogu se razviti inteligentne strategije upravljanja 

koje dovode do uštede energije i povećanja energetske efikasnosti sistema za hlađenje. 

The growing increase in cooling demand has made the accurate prediction of building cooling 

energy consumption increasingly important. Black-box approaches and machine learning (ML) tech-

niques have been widely explored for this purpose. Ensemble methods, which integrate the outputs of 

multiple individual learners, demonstrate strong performance in capturing the complex nonlinear 

relationship between input and output variables. In this study, cooling energy consumption is first 

modeled using a baseline Decision Tree. The predictive accuracy is further enhanced through two 

ensemble strategies: bagging, implemented in the Random Forest model, and boosting, using a Gra-

dient Boosting Machine. All models are trained and tested on a real-world measured dataset. The 

resulting predictive framework has the potential to be integrated into building management systems 

(BMS) to support intelligent control strategies aimed at improving operational efficiency and reduc-

ing overall energy use. 
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1. Introduction 

According to the International Energy Agency (IEA), building operations account for roughly 

30% of global final energy use and generate about 26% of energy-related greenhouse gas emissions. 

In Europe, heating and cooling alone represent nearly half of total final energy demand [1]. While 

residential heating demand is expected to remain stable or decline slightly, total heating and cooling 

consumption in buildings is projected to increase by 67% by 2050 and by 166% by 2100 relative to 

2010 levels [2]. These trends highlight the growing importance of accurate energy-consumption pre-

diction. 

Among black-box modeling approaches, machine learning models (MLMs) have become in-

creasingly prominent [3]. Widely used algorithms include Artificial Neural Networks (ANNs) and 

Support Vector Machines (SVMs). However, the ensemble learning techniques have achieved higher 

performance by combining the prediction from two or more individual models, also known as base 

or weak learners. Good ensemble requires that both the accuracy of model members and their diver-

sity are high [4]. Ensemble methods are commonly categorized as homogeneous or heterogeneous 

[5]. Homogeneous ensemble models achieve diversity by data manipulation, e.g. resampling of the 

original dataset and applying the same learning algorithm with identical parameter settings. In con-

trast, heterogeneous ensembles achieve diversity by training different types of base learners on the 

same dataset. By aggregating their predictions, these ensembles can improve generalization by com-

pensating for the limitations and errors of individual models [6]. 

Overall, ensemble construction strategies can be grouped into bagging, boosting, and stack-

ing/blending. Bagging is based on bootstrap aggregation, where multiple training datasets are gener-

ated by resampling with replacement. Models are trained in parallel, and the primary goal is to reduce 

variance. Boosting, on the other hand, trains models sequentially; each new model focuses on cor-

recting the errors of its predecessor, thereby addressing high bias. Stacking and blending aim to sim-

ultaneously reduce both bias and variance by using the outputs of base models as inputs to a higher-

level learner, often referred to as a meta-model or second-stage model [7]. 

The primary objective of this study is to develop a Decision Tree (DT) model for predicting the 

cooling energy consumption of a large commercial building. To further improve predictive accuracy, 

two homogeneous ensemble methods, both composed of multiple DTs, are evaluated: Random For-

ests, which employ bagging, and Gradient Boosting Machine, which rely on boosting. The resulting 

models can serve as a foundation for integration into intelligent cooling system control strategies, 

enabling energy savings and improved overall energy efficiency. 

2. Machine learning models  

This section provides a concise summary of the modeling approaches employed in this study, 

including the baseline DT model and the two ensemble methods, RF and GBM.  

2.1. Decision Tree 

A Decision Tree (DT) is a non-parametric supervised learning model organized in a hierar-

chical, tree-like structure that recursively partitions the input space. Owing to their conceptual sim-

plicity, transparent decision rules, and minimal data preprocessing requirements, DTs have become 

widely adopted across numerous fields, including building and energy demand forecasting [8]. The 

method is computationally efficient and well-suited for handling heterogeneous data types, enabling 

accurate prediction of categorical classes, discrete outcomes, and complex nonlinear relationships. 
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Moreover, DTs exhibit inherent robustness to outliers, can naturally accommodate missing values, 

and provide straightforward interpretability through their rule-based structure. 

Despite these advantages, DTs are prone to generating deep and highly specialized trees that 

closely fit the training data but fail to generalize to unseen samples. This overfitting tendency limits 

their standalone predictive reliability, especially in high-variance environments. To mitigate these 

shortcomings, modern machine learning commonly employs ensemble strategies in which multiple 

trees are combined to produce a more stable and accurate model. Techniques such as bootstrap ag-

gregation (bagging), which forms the basis of RF, and sequential boosting approaches, exemplified 

by GBM, have been developed specifically to address the limitations of single-tree learners. These 

ensemble methods substantially improve predictive performance by reducing variance, enhancing 

robustness, and capturing more complex data patterns than an individual DT can achieve. 

2.2. Random Forest 

Random Forest (RF), originally introduced by Breiman [9], is an ensemble learning technique 

that constructs a large number of randomized DTs and combines their outputs. It is applicable to both 

classification and regression tasks, such as building energy use prediction [10]. Its increasing adop-

tion in the research community comes from its robustness when dealing with high-dimensional da-

tasets, nonlinear interactions, and noisy input variables. In RF, each tree is trained on an individual 

training set, obtained by bootstrap sampling. It means that some training samples may appear multiple 

times in the same subset, whereas others may be omitted altogether. Additionally, at each tree-split-

ting step, the algorithm considers only a randomly chosen subset of features. This two-level random-

ization, over both samples and predictors, reduces correlation among the trees, thereby improving 

generalization. 

Each tree is grown independently, typically to maximum depth or until a predefined termination 

rule is met. For classification tasks, the forest’s final decision is obtained via majority voting among 

all trees, while in regression settings, the output corresponds to the average of individual tree predic-

tions. The ensemble’s predictive strength derives from the aggregation of many weakly correlated 

learners, which reduces variance and mitigates the impact of individual tree errors. Despite these 

advantages, RF models may still overfit, particularly when trees become excessively deep or when 

an overly large number of trees is used. Nevertheless, RF demonstrates strong predictive performance 

across a broad range of applications. 

2.3. Gradient Boosting Machine 

Gradient Boosting (GB) represents another prominent ensemble strategy in which a sequence 

of weak learners, most commonly shallow DTs, is iteratively constructed. Unlike RF, where trees are 

trained in parallel and independently, GB trains trees sequentially so that each new learner focuses 

on correcting the errors made by its predecessors. Early boosting frameworks were primarily oriented 

toward classification, but Friedman later generalized the approach to continuous outputs with the 

introduction of the Gradient Boosting Machine (GBM) [11]. GBM formulates the learning process 

as an optimization problem that aims to minimize a chosen loss function by constructing an additive 

model. For regression tasks, the process begins by fitting an initial base learner, typically the tree that 

best approximates the target values by minimizing the mean squared error. At each subsequent itera-

tion, the algorithm computes the residuals and fits a new tree to model these residual errors. The 

contribution of this new tree is then scaled, often through a learning rate, before being added to the 

cumulative model. This iterative refinement continues for a predefined number of iterations or until 

a convergence criterion is satisfied. By concentrating effort on the regions where previous predictions 
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performed poorly, GBM tends to reduce bias. However, without careful tuning of parameters such as 

tree depth, learning rate, and number of iterations, GBM models can become prone to overfitting. 

Despite this, when properly regularized, GBM remains one of the highly powerful and flexible tools 

for predictive modeling. 

3. Case study 

The case study examines a ten-story office building, with a total conditioned floor area of ap-

proximately 42,000 m² and an integrated Building Energy Management System (BEMS). The build-

ing’s HVAC plant comprises two absorption chillers, one turbo chiller, and a cooling tower, supported 

by dedicated pumps. Throughout the monitoring period, only the turbo chiller was active; conse-

quently, the analysis focuses exclusively on this unit and the associated cooling tower. More infor-

mation on the building and related HVAC systems can be found in [12]. In [12], this facility was used 

to develop an AI-based model for predicting cooling energy consumption using measured data, which 

was later incorporated into an AI-driven control framework. Using the experimental dataset reported 

in [12], the present study aims to investigate three DT-based MLMs to enhance the predictive accu-

racy of cooling energy consumption models. 

Comprehensive data pre-processing was carried out to generate a reliable modeling dataset. 

Original sensor readings, logged at 1-minute intervals, were aggregated into 20-minute averages and 

then grouped by day. Eleven variables were used as model inputs: time of day T (min), outdoor dry-

bulb temperature OAt (°C), outdoor air humidity OAH (%), chilled-water temperature Chwt (°C), 

chiller cooling load CL (kW), differential pressure at the terminal TDP (Pa), differential pressures in 

Zones A and B (TDPA and TDPB, Pa), chilled-water flow rate ChWFR (m³/h), condenser-water tem-

perature set-point condWSt (°C), and chilled-water temperature set-point ChwSt (°C) [12]. The cool-

ing load was computed from the measured chilled-water temperature differential (inlet–outlet) and 

the measured chilled-water flow rate. The target variable is the total measured cooling electricity 

consumption (TCC, kWh), representing the combined electrical use of the chiller, cooling tower, and 

associated pumps. 

4. Results and discussion 

The measured dataset is divided into training and test subsets. Hyperparameters for the devel-

oped models are optimized using 5-fold cross validation and Bayesian optimization. The results of 

all models for the training and test datasets are presented in Table 1. Models’ performance is assessed 

using four evaluation metrics: Coefficient of Determination (R2), RMSE, Mean Absolute Percentage 

Error (MAPE), and Coefficient of Variation of RMSE (CV(RMSE)), defined as follows:. 

  𝑅2  =  1 −  
∑ (𝑦𝑘−𝑦̅)2𝑁
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  𝐶𝑉(𝑅𝑀𝑆𝐸)  =  
𝑅𝑀𝑆𝐸

𝑦̅
  ×  100 (4) 

In Eq. 1 to 4, yk represents measured (real) output for the kth sample, 𝑦𝑘̂ is model output for the 

kth sample, 𝑦̅ is the mean value of y, and N is the total number of samples. 
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Table 1: Prediction indices for the prediction of cooling energy use for the developed models 

Model 
R2 [-] RMSE [kWh] MAPE [%] CV(RMSE) [%] 

training test training test training test training test 

DT 0.9732 0.9494 3.6825 4.8737 3.4860 4.2134 4.1178 5.1747 

GBM 0.9947 0.9557 1.6324 4.5590 1.4879 4.1756 1.8254 4.8406 

RF 0.9845 0.9617 2.8017 4.2422 2.0469 3.7666 3.1329 4.5042 

 

A single DT achieved solid predictive performance, with an 𝑅2 of 0.9494 and a MAPE of 

4.8737% on the test dataset. The RF model delivered a notable improvement, reducing MAPE to 

3.7666% and achieving a CV(RMSE) of 4.5042% during the test period. The GBM model produced 

slightly lower accuracy, with a MAPE of 4.1756% and a CV(RMSE) of 4.8406% in the test phase. 

Among all models, RF performed best overall, also attaining the highest 𝑅2 value of 0.9617 in the 

test period. It is also worth noting that the developed RF model is composed of 59 DTs, while the 

GBM model incorporates 67 trees. 

Figure 1 presents the regression plots and the corresponding error histograms for the developed 

models in the test period. The well-performing models exhibit error distributions that are tightly con-

centrated near zero and resemble a normal distribution. This pattern suggests that the models intro-

duce little bias and that the remaining errors are largely stochastic. Additionally, the sharp decrease 

in the frequency of larger errors indicates limited variance and provides evidence that overfitting is 

minimal.  

Figure 2 shows the comparison of the real, measured values of total cooling energy consump-

tion and the prediction of DT, RF and GBM models.  

The FFNN model introduced in [12] has previously been integrated into AI-driven control 

frameworks, where it delivered notable energy reductions relative to traditional control approaches. 

Therefore, it is anticipated that the enhanced prediction model would enable even greater reductions 

in energy consumption. More generally, predictive models of the type examined in this work can play 

a key role in energy management, performance improvements, and demand-side flexibility by sup-

plying reliable forecasts of energy consumption. The ensemble methodologies demonstrate strong 

capability in representing the complex, nonlinear interactions governing cooling energy demand. 
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Figure 1. Regression plots and corresponding error histograms of different prediction models  

for the test dataset 
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Figure 2. Comparison of the measured cooling energy consumption and prediction  

of the developd models for test dataset 

5. Conclusion  

The main objective of this research was to evaluate the performance of DT-based models for 

the prediction of the total cooling energy consumption of a large commercial building, using a dataset 

composed of real, measured values. All models were developed using 11 input variables and one 

output variable representing total cooling energy use. 

Among the evaluated approaches, the baseline DT provided solid predictive capability, achiev-

ing an 𝑅2 of 0.9494 and a MAPE of 4.8737% on the test dataset. However, both ensemble methods 

demonstrated clear performance improvements. The RF model, constructed from 59 individual DTs 

and employing a bagging strategy, showed the best overall accuracy. It achieved an 𝑅2 of 0.9617, 

reduced MAPE to 3.7666%, and obtained a CV(RMSE) of 4.5042% in the test period. The GBM, 

consisting of 67 sequentially boosted DTs, also improved upon the single DT, achieving a MAPE of 

4.1756% and a CV(RMSE) of 4.8406%. These results confirm that ensemble learning, particularly 

bagging and boosting, significantly enhances the predictive capability of DT-based models by more 

effectively capturing nonlinear relationships between input variables and cooling energy demand. 

Overall, predictive energy models such as those developed in this study provide valuable tools 

for the optimization of cooling system operation. Their ability to deliver accurate energy consumption 

forecasts can support advanced control strategies, improve energy management and planning, and 

contribute to more efficient and responsive building operations. 
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