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Abstract— This paper presents a least square support vector machine (LS-SVM) model to predict the heating and cooling 
loads of a building based on simulation data for building energy performance. The dataset used in this study include the 
overall height, relative compactness, surface area, wall area, roof area, orientation, glazing area, and glazing area distribution 
of building. By using these variables as inputs, heating and cooling loads of building are estimated. There are a lot of 
machine learning methods such as artificial neural networks (ANN) for this purpose in the literature. We investigate the 
performance of LS-SVM as an estimator, which is a modified version of support vector machines (SVM). According to 
obtained results, it is shown that the proposed LS-SVM based method can predict heating and cooling loads of building with 
a very high accuracy rate.   
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I. INTRODUCTION 
 
Energy consumption of both commercial and 
residential buildings has been increasing especially in 
the past few decades[1]. Growth in population, 
increasing demand for building services and comfort 
levels, together with the rise in time spent inside 
buildings, assure the upward trend in energy demand 
will continue in the future[2]. It is necessary to build 
energy efficient buildings and then provide some 
control mechanisms to users. To reduce total energy 
consumption of buildings, it is very important to 
know heating and cooling loads when the building is 
designed. In the design stage, architects and designers 
need some parameters to analyze[1]. Some of these 
parameters are overall height, relative compactness, 
surface area, wall area, roof area, orientation, glazing 
area, and glazing area distribution of building[3].  
Designers also need to decide which parameters have 
big impacts on heating and cooling loads of the 
building. It is shown from the literature that 
researchers use different methods and parameters to 
predict heating load (HL) and cooling load (CL)[1,  
3–6]. 
Recently, designers use some building energy 
simulation programs to investigate the effects of these 
parameters on HL and CL[3]. However, such 
simulation programs require deep user knowledge to 
use effectively and also the process of determining 
which parameters affect the HL and CL is very time 
consuming[1]. After machine learning techniques 
such as ANN, fuzzy logic (FL) and SVM gain 
popularity; many researchers attempt to use these 
techniques in different fields and also in building 
energy efficiency studies[2]. High accuracy rates and 
generalization abilities, fast training and testing times 
and easy usage of these techniques have been 
increasing the popularity of them. Sonmez et.al[6] 
proposed a hybrid machine learning method including 
artificial bee colony-based k nearest neighbor (knn), 
genetic algorithm (GA)-based knn, adaptive neural 
network with GA and adaptive neural network with 

artificial bee colony to estimate HL and CL. They 
investigated the effects of different input parameters 
on prediction. Simon et.al[7] use ANN to predict CL 
of a building. They also examined the effect of 
building occupancy rate on CL. They found out that 
this parameter is very important as an input of 
predictor. Dong et.al [8] proposed a method based on 
SVM to forecast building energy consumption in the 
tropical region. They obtain high accuracy with 4% 
percentage error.   
This paper aims to investigate the performance of LS-
SVM in the prediction of HL and CL of a building 
via some input parameters which include the overall 
height (OH), relative compactness (RC), surface area 
(SA), wall area (WA), roof area (RA), orientation 
(OR), glazing area (GA), and glazing area 
distribution (GAD) of a building. 

 
II. LEAST SQUARE SUPPORT VECTOR 
MACHINES 
 
SVM, based on statistical learning theory and 
developed by Vapnik in 1995, has been widely used 
in classification, forecasting and regression 
problems[9]. This method uses the Vapnik–
Chervonenkis theory (also known as VC theory). In 
this method a group of training examples are 
presented and a solution is found by solving a 
quadratic programming (QP) problem[10],[11]. 
Although SVM has a lot of advantages such as fast 
training and better generalization ability than the 
other machine learning methods, solutions to the QP 
problem are slow especially for large problems[12]. 
To solve this problem, recently a modified version of 
original SVM called Least Square SVM (LS-SVM) is 
proposed.  
For a set of N data points{x , y } , where x ∈ ℝ 	is 
the ith input data, and y ∈ {−1, +1}	is the label of the 
data, the Vapnik’s conventional SVM classifier has 
been modified into the following LS-SVM 
formulation[12]: 
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min , , 퐽(푤,푏, 푒) = w w + γ ∑ e , (1) 
 
subject to 
 
y [w ϕ(x )] = 1− e , 							i = 1, … , N (2) 
 
where	ϕ(x) ∈ ℝ → ℝ is the feature map mapping 
the input space to a usually high dimensional feature 
space.The data points become linearly separable by a 
hyper plane defined by the pair(w ∈	ℝ , b ∈ ℝ). 
w	is the weight vector, b is a real constant, γis a 
tuning parameter and e , 	 ∈ 	ℝ	is the difference 
between the output y .  
 
∑ e , =∑ (y − (w ϕ(x ) + b))  (3) 
 
The solution of LS-SVM regressor will be obtained 
after we construct the Lagrangian function: 
 
L = J −∑ α {y − [w ϕ(x ) + b]− e }(4) 
 
and 

퐿 =
1
2푤 w +

훾
2 푒

− 훼 {푦 − [푤 휙(푥 ) + 푏] − 푒 } 

 
where	훼 ∈ ℝ	are the Lagrange multipliers. After 
applying optimality conditions and eliminating푤 and  
푒 we can obtain a linear system instead of a quadratic 
programming problem such as: 
 

0 퐼
퐼 Ω− 훾 퐼

푏
훼 = 0

푌             (6) 

 
with 푌 = [푦 , … ,푦 ] , 퐼 	is an 푁푥푁 identity matrix, 
and Ω ∈ ℝ  is the kernel matrix. Applying 
Mercer’s conditions, there exists a mapping and an 
expansion with[12] 
 
Ω , = 휙(푥 ) 휙 푥 = 퐾 푥 ,푥             (7) 
 
Then the resulting LS-SVM model for function 
estimation becomes: 
 
푦(푥) = 푠푖푔푛 훼 퐾 푥 ,푥 + 푏             (8) 
 
III. METHODOLOGY 
 
SVM is a method based on statistical learning theory 
and widely used a lot of research field such as 
classification, function approximation, forecasting, 
clustering, and optimization. In this study, a modified 
version of classical SVM called LS-SVM is used to 
predict HL and CL. Compared with the conventional 
SVM, the main advantage of the LS-SVM is the 
much lower computational complexity[1]. In this 

paper, a dataset obtained from reference [3] is used to 
train and test LS-SVM. This dataset include 768 
samples with different parameters related to building. 
The dataset contains eight attributes denoted by X1 to 
X8 and two responses denoted by y1 and y2. The aim 
is to use the eight features to predict each of the two 
responses. The inputs and corresponding outputs are 
shown in Table 1[3]. 

 
Table 1: Parameters used in the study 

 
 
HL and CL estimation is conducted separately. The 
simulations performed by using Matlab LS-SVM 
toolbox. The first step is preprocessing. In this step, 
the dataset is normalized between -1 and +1. Then, 
dataset divided into two subsets randomly. 60% of 
the dataset is used for training of LS-SVM (453 
samples) and the rest of data (40%) is used to test and 
validate LS-SVM. After preprocessing, the input 
variables are presented to LS-SVM for training. 
Radial basis kernel function is used in the LS-
SVM[9].  
 
퐾 푥 ,푥 = exp	(−‖푥 − 푥 ‖ /휎 )           (9) 

 
There are two parameters to be tuned, 훾 and 휎 [9]. 
These parameters are tuned by using Leave-one-out 
cross-validation approach to obtain best results. After 
training of LS-SVM the dataset which has not used 
before are presented to the network to evaluate and 
validate the performance of LS-SVM. 
 
IV. RESULTS AND DISCUSSIONS 
 
Figure 1 shows the LS-SVM training results for the 
HL. The best training results are obtained when the 
regularization parameters are selected as		훾 =
14618.03 and 휎 = 3.43. It is clearly shown from 
the figure that the actual (blue dot) and the estimated 
(red line) HL values coincide with together. Please 
note that heating loads are given as normalized. In 
Figure 2, test results of LS-SVM for HL estimation 
are illustrated. It is seen from the Fig.2, the proposed 
method predict the untrained test data with very high 
accuracy. To evaluate the obtained test results a linear 
regression analysis is performed as in Fig.3. R value 
of regression analysis is obtained as 0.99. When the R 
value is equal to 1, this means that two variables have 
a perfect correlation. 
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Fig.1. Training results of LS-SVM for HL 

 

 
Fig.2. Test results of LS-SVM for HL 

 

 
Fig.3. Regression results of HL prediction 

 
In Fig. 4, we can show the training results of the LS-
SVM model to predict CL values. In this figure, it can 
be observed that some of data points are not 
coincided. However, among the training dataset (453 
points) these points are limited and the overall 
performance of training is good. 
 

 
Fig.4. Training results of LS-SVM for CL 

The best training results are obtained when the 
regularization parameters are tuned as 훾 = 10965.20 
and 휎 = 2.93. In Fig.5, the test results of LS-SVM 
for CL prediction are illustrated. As shown from the 
figure, the test results of CL estimation are 
satisfactory but, these results are worse than the HL 
prediction results. This may be caused by relationship 
between the input parameters and CL of the building. 
In the future another study, we intend to investigate 
the effects of input parameters on the HT and CL. In 
Fig.7, the linear regression analysis results of LS-
SVM for CL prediction are shown. From this figure 
the R value is obtained as 0.976.   
 

 
Fig.5. Test results of LS-SVM for CL 

 

 
Fig.6. Regression results of CL prediction 

 
Because there are a lot of study related to HL and CL 
prediction, we are not used an ANN model again. 
Although some studies were performed to predict HL 
or CL of the building by using ANN based methods 
with good accuracy rates such as 푅 = 0.98 in [7] and 
푅 = 0.99 in [4], it is obvious from the literature that 
training time of ANN is longer than SVM. Classical 
multi-layer ANN has also some other drawbacks such 
as over-fitting and local minima. 
 
CONCLUSION 
 
In this paper, building energy performance has been 
investigated using LS-SVM model which is a 
regularized and modified version of original SVM to 
predict heating and cooling loads. A dataset obtained 
from reference [3] is used to build LS-SVM model. 
Overall height, relative compactness, surface area, 
wall area, roof area, orientation, glazing area, and 
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glazing area distribution of different building shapes 
are used as the inputs. HL and CL of buildings are 
used as the outputs of the model. The test and 
regression results show that the proposed LS-SVM 
method gives very satisfactory results with	푅 = 0.99 
for HL prediction and	푅 =0.976 for CL prediction. 
 
REFERENCES 
 

[1] S. Sholahudin, A. G. Alam, C. Baek, and H. Han, 
“Prediction and analysis of building energy efficiency 
using artificial neural networks and design of 
experiments,” Jurnal Mekanikal,  vol. 37, no. 2, pp. 37–
41, 2014. 

[2] L. Pérez-Lombard, J. Ortiz, and C. Pout, “A review on 
buildings energy consumption information,” Energy 
and  Buildings, vol. 40, no. 3, pp. 394–398, 2008. 

[3] A. Tsanas and A. Xifara, “Accurate quantitative 
estimation of energy performance of residential 
buildings using statistical machine learning tools,” 
Energy and Buildings, vol. 49, pp. 560–567, 2012. 

[4] T. Catalina, J. Virgone, and E. Blanco, “Development 
and validation of regression models to predict monthly 
heating demand for residential buildings,” Energy and 
Buildings, vol. 40, no. 10, pp. 1825–1832, 2008. 

[5] M. Castelli, L. Trujillo, L. Vanneschi, and A. Popovič, 
“Prediction of energy performance of residential 
buildings: A genetic programming approach,” Energy 
and Buildings, vol. 102, pp. 67–74, 2015. 

[6] Y. Sonmez, U. Guvenc, H.T. Kahraman, C. Yılmaz. “A 
Comperative Study on Novel Machine Learning 
Algorithms for Estimation of Energy Performance of 
Residential Buildings.” 3rd International Smart Grid 
Congress and Fair (ICSG), pp.1-7, 2015.   

[7] S. S. K. Kwok, R. K. K. Yuen, and E. W. M. Lee, “An 
intelligent approach to assessing the effect of building 
occupancy on building cooling load prediction,” 
Building and  Environment, vol. 46, no. 8, pp. 1681–
1690, 2011. 

[8] B. Dong, C. Cao, and S. E. Lee, “Applying support 
vector machines to predict building energy consumption 
in tropical region,” Energy and Buildings, vol. 37, no. 5, 
pp. 545–553, 2005. 

[9] B. Schölkopf, C. Burges, and V. Vapnik, “Extracting 
support data for a given task,” Proceedings, First Int. 
Conf. Knowl. Discov. Data Min., no. x, pp. 252–257, 
1995. 

[10] J. A. K. Suykens and J. Vandewalle, “Training 
multilayer perceptron classifiers based on a modified 
support vector method,” IEEE Trans. Neural Networks, 
vol. 10, no. 4, pp. 907–911, 1999. 

[11] B. D. M. & J. V. Gestel, Tony Van, Johan A.K. 
Suykens, Jos De Brabanter, “Least Square Support 
Vector Machine Regression for Discriminant Analysis”, 
International Joint Conference on Neural Networks. pp. 
2445–2450, 2001. 

[12] Z. Dan, S. Zheng, S. Sun, and R. Dong, “Speaker 
Recognition Based on LS-SVM,” Proc. 3rd Int. Conf. 
Innov. Comput. Inf. Control, pp. 525–525, 2008. 

 
 
 
 
 

 
 
 
 


