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CHAPTER 4 

BASELINE MODELS OF BUILDING MONTHLY & DAILY 

LAND LORD ENERGY CONSUMPTION 

 

4.1 Introduction 

 

This chapter describes the research design, methodology and results for the baseline 

model development of building monthly & daily landlord energy consumption. 

While it is useful and convenient to obtain a baseline model for the whole building 

energy consumption, inpractice, most buildings are managed by the landlord and 

most of the energy efficient measures implemented are related to part of the landlord 

consumption.  

 

4.1.1 Building Landlord Energy Consumption 

 

It is well known that for many buildings energy consumption there are certain 

constant loads such as lighting, fan and plug loads, which do not change with 

weather variables. A buildings’ landlord energy consumption refers to the energy 

utilized by the common facilities, systems, services and space provided by the 

landlord. They typically comprise: 

 

a) Air-conditioner central plant system, which supply air-conditioning inside the 

building; 

b) Vertical transportation service such as escalator and lift; 

c) Ventilation system such as exhaust fan and ventilator; 

d) Artificial lighting system in the common area i.e. corridor or public common 

service area such as toilets, services lifts, car park and so on. 

e) Cleaning services, decorations, and external gardens and flood lighting. 

 

Obviously, the usages of these systems present certain non-linear performance 

between building energy use and weather data.  
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4.2 Motivation 

 

The past researchers in [1, 2, 3, 4, 5]; of landlords’ energy consumption shows that 

landlord energy consumption method is significantly inferior as compared with 

earlier methods of whole building energy consumption as given in Chapter 3 

(Section 3.6). In addition, the building owner or managers often receive the landlord 

bills only. It seems more meaningful to analysis baseline landlord energy 

consumption rather than the whole building energy use for the benefits of both 

building owners and the energy efficiency measures retrofitting contracts. For these 

reasons further many researches were conducted to examine various non-linear 

methods and determine this suitability as a baseline model for building landlords’ 

energy consumption. However, the nonlinear training needs a large pool of data for 

the model construction, at least ten times of the inputs parameters [37]; which are 

weather data in this study.  

 

4.3 Selection of Independent Variables 

 

Selection of independent variables addresses the problem of choosing a small subset 

of most important features from available features. The goal is to improve the speed 

and generalization performance of SVM model. There are many independent 

variable selection methods when it’s going to develop prediction systems.  Normally, 

they are based on statistical methods such as the stepwise method, Erivastava, 1990. 

However, there are some shortcomings if based on such kind of methods. Mainly, it 

cannot be guaranteed that the selected independent variable or feature set is optimal.  

 

However, for the purposes of this application, many previous studies have shown 

that weather data are the most important elements affecting the building energy 

consumption, and it is sufficient to set up an accurate baseline model for residential 

commercial buildings, Kreider et al., [47]. In addition, Dong et al., [27]; in his 

research shows that cooling energy consumption has significant relationships with 

outdoor temperature, solar radiation, internal sensible heart gains, and specific 

humidity of air. Hence, based on the rule of exploration, weather data including 
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outdoor temperature (ºC), relative humidity (%) and solar radiation is selected as 

independent variables for model inputs. 

 

4.4 Methodology for the Application of SVM in Baseline Monthly Model 

Development 

 

Firstly, five commercial buildings were selected, located in the business area from 

the buildings in Colombo region. For each building, up to four years of daily and 

monthly building energy consumption data as utility bills were collected. The first 

three years’ data was used for training and establishing the baseline model for 

monthly model & another one-year utility bill was used for testing and verification. 

The methodology to short term prediction is mentioned in section 4.8. 

 

At the same time, the corresponding weather data were collected from metallurgical 

department Sri Lanka. The weather data period used was the same as the energy 

consumption data period. All the weather data are monthly mean values. Secondly, 

when all the data are ready; the SVM was applied to set up the baseline model. The 

weather data include the outdoor temperature, relative humidity and solar radiation. 

The total number of input parameters are four, including three weather data and the 

time tag. The output is the building landlord’s energy consumption. Thirdly, after 

training, the baseline model, it used to predict the energy consumption for the 

projected period. In this study, the projected year was selected as year 2013. Finally, 

the predicted annual building monthly landlord energy consumption was compared 

with the actual consumption value. 

 

In addition to the weather data inputs, it is necessary to remove the effects of year-to 

year changes in conditioned areas and population as mentioned in Chapter 3, section 

3.3. Here, landlord energy consumption is considered, it assumed that, this feature 

potentially removes the effects of population changes. Hence, it is assumed that 

normalizing energy use by landlord area would be implicit enough for such changes. 

However, it should be noted that most of the commercial buildings are with central 

HVAC systems, which supplies cooled air to all tenant spaces and some common 
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spaces. Hence, normalizing landlord energy consumption should be based on the 

whole building gross floor area (GFA) rather than the landlord’s common areas only. 

Finally, the performance measurement criteria are CV-RMSE as defined in equation 

(3.1), % error, which is defined in equation (3.2 & 3.3) and mean square error 

(MSE). 

 

4.4.1 The objectives of the SVMs investigations 

 

1) To examine the feasibility of applying SVMs in predicting building energy 

consumption. 

 

2) To investigate the effect of different parameters of SVMs on the medium & short 

term, (section 4.8); prediction accuracy.  

 

The selected four commercial buildings presented are used for detailed analysis in 

this section. The building landlord energy consumption is chosen to build and test 

models. The weather parameters, namely, outdoor temperature  (T), relative humidity 

(RH) and solar radiation (SR) are taken as three inputs, the namely three features. 

 

3) Libsvm-2.6 developed by Chih-Chung Chang and Chih-Jen Lin, [45];  is applied 

in this study to produce and test the application of SVMs in the development of base 

lining models. The detailed command of the software is introduced in Appendix B. A 

detailed development and theory of SVMs for regression is introduced in the 

following section. 

 

4.4.2 Model development for forecasting of building electricity load 

 

This research describes how computational models can be used to predict the amount 

of electricity will consume by a building. The computational model is developed 

using a regression method called Support Vector Machine Regression (SVMR) 

which shows superior performance than all machine learning techniques used in 

energy forecasting, Dong et al., [27]. This method is solely based on historical data 
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of the building while no prior knowledge of its physical properties is required to the 

prediction process. Thus, it can be easily applicable to different types of buildings 

only with slight modifications to the system parameters. In this research, the SVM  

regression  models  were  built  to  predict   medium term  future electricity usage 

based  on past  energy,  monthly mean temperature, relative humidity & solar 

radiation data as they are the significantly affecting parameters to energy prediction, 

[27]. 

 

Large commercial buildings specifically, such as HNB tower, WTC, BOC buildings 

consume heavy amount of energy in the Colombo city, Sri Lanka. Therefore, one of 

the greatest opportunities to reduce the energy consumption in Colombo city, Sri 

Lanka, is through reducing energy consumption in buildings. The large commercial 

buildings with tenants used to this research are with regular working hours from m 

8:00 a.m. to 8:00 p.m. throughout the working days. 

 

In this research, the total energy consumption is measured for a defined period  of  

time,  for  example  the  number  of  kilowatt- hours per square meter consumed in a 

month. Most residential buildings are charged solely based on their total energy 

consumption in a given billing cycle (per month), and have no need for measuring 

their energy usage in any other way. However, when it comes to large commercial 

buildings, the total amount of consumption over these large blocks of time does not 

give an accurate depiction of the energy usage trends. This is because typical office 

buildings consume most of their energy during regular weekday office hours and 

use relatively low consumption of energy at night and on weekends, when the 

building is in off line.  

 

This requires the main grid to supply these buildings with a large amount of energy 

at certain times, instead of an average amount constantly, making the total monthly 

consumption value a somewhat misleading indicator from the true energy 

requirements of the building. Furthermore, its make the main grid to face for an 

uncertainty with the fluctuation of energy demand which affecting negatively for a 

developing country like Sri Lanka. Again its implies the needs of accurate energy 



                                     Chapter 4: Baseline models of building monthly & daily landlord energy consumption 

34 

 

prediction system to deal with a steady energy supply to a country like Sri Lanka as 

the whole country economy is depends on the energy consumption which leads to 

determine the market price of every goods.  Therefore, when it comes to feeding the 

data to SVM model, these uncertainties of energy consumptions need to be avoided 

in order to develop an accurate model. In this study to avoid such unsteadiness of 

the energy requirement of buildings, the rate of energy consumption, called demand, 

is used to show the amount of energy the grid must supply the building at a given 

time.  

 

4.4.3 Data collection 

 

To develop an accurate model for prediction process four commercial building were 

selected, among the Colombo city, Sri Lanka and figure 4.1 shows monthly energy 

demand values for selected four commercial buildings for the modeling process.The 

energy demand of a building is determined by several factors. There are fixed 

building characteristics, such as size, materials, location, orientation, design that 

contribute to the energy consumption of a building. 

 

 

Figure 4.1: Energy demand data profile of four years. 

Moreover, there are some dynamic characteristics that affect the energy usage of a 

building. Weather has a significant effect on the amount of energy required to 

Month (2010 – 2014) 

kWh/m2/

month 
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functions like air-conditioning heating and cooling system of a building. Figure 4.2, 

shows, the selected weather parameters (temperature, relative humidity, solar 

radiation) in Colombo region, Sri Lanka.  

 

 

Figure 4.2: Weather data profile of four years 

 

The utility bills of these four buildings were collected through surveys, which were 

carried by, on buildings energy efficiency. The highest value, in terms of 

consumption, appears in building A, which is 27,327 MWh/yr, while the lowest value 

appears in Building B, which is 594 MWh/yr. 

 

In addition, the weather data was collected through the same process described in 

chapter 3, Section 3.7.1. Meanwhile, some building owners and managers did not 

provide complete and detailed bill information in the survey carried, which leads to 

the limited utility bills up to four years.  

 

Therefore, only four buildings, namely building locations, Townhall, Pettah, 

Bambalapitiya, City in Sri Lanka labeling A, B C and D, are taken as case studies in 

the further research. 

 

 

   Month (2010 -2014) 
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4.5 Support Vector Machine Regression 

 

Following all the stages of developments, researchers were more eager to find out 

more advanced ways of load forecasting systems. As a result a new technological 

development called support vector machine (SVM) came to play its role of 

predicting energy consumption of buildings. Vapnik and co-workers, [28]; first 

developed the support vector mechanics in mid of nineties. The applications of 

SVM are mainly used in areas such as classification, forecasting and regression 

problems, which visualize superior performances compared to other model. 

Regression modeling has obtained its practical success with the basis of Vapnik-

Chervonenkis (VC), [28]; theory, which is derived from statistical learning theory. 

SVM became very popular owning its superior performance in building field by 

resulting accurate & efficient prediction process. Furthermore, Dong and his 

coworkers, [27]; used SVM to predict the monthly landlord energy consumption of 

four real buildings in the tropical region which again proof the superiority of SVM 

techniques compared to other prediction models. 

 

In this report, it is outlines the SVM as a tool to predict monthly & weekly building 

energy consumption and how it perform a country like Sri Lanka. Firstly, building 

energy consumption prediction models are established using on the SVM theory. 

Then the optimal parameter settings, which directly affects to the performances of 

the SVM model, were elaborated to develop accurate and efficient forecasting 

system. Resulting SVM models are used to analysis the prediction capabilities of 

selected locations for energy prediction in Colombo, Sri Lanka & then prediction 

accuracies are monitored with the real data to monitor the performances of 

developed models. 

 

SVM gained its popularity due to its auspicious performance and many more 

appealing features. Superior empirical performances of SVM can be pointed out for 

such raising popularity among researchers.  There are many advantages of using 

SVM in building prediction process. Among them, the ability of SVM to embraces 

the principle of structure risks minimization (SRM), which engaged with the superior 
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qualities than the traditional empirical risk minimization (ERM) principle can 

pointed out. As mentioned in this report SRM principle helps in reducing an upper 

level of the generalization error, which consists of training error and a confident level 

(expected risk) based on VC dimension. SRM principle is differing from ERM 

principle which considers only minimizing training the error.  Applications of SVR 

show very much efficient with effective results when tackling classification and 

regression problems. Furthermore, application of the kernel function in the SVMR 

depicts the input space into a high-dimensional feature space with its nonlinear 

mapping ability & performs a linear regression in the feature space, Vapnik V, [28]. 

SVM is based on the structural risk minimization (SRM) inductive principle, which 

seeks to minimize an upper bound of the generalization error consisting of the sum of 

the training error and a confidence level. This is the difference from commonly used 

empirical risk minimization (ERM) principle, which only minimizes the training 

error. Based on such induction principle, SVMs usually achieves higher 

generalization performance than the traditional neural networks that implement the 

ERM principle in solving many data mining problems. 

 

In this study, SVMs is extended to estimate non-linear functions for regression 

estimation problems. The idea of generating nonlinear SVMs is to map the original 

input space X into a high dimensional feature space H by some function φ (x) and 

then to construct a linear function in the high dimensional feature space which 

corresponds to a nonlinear function in the original input space 

 

4.5.1 Theory Support Vector Regression (SVR) 

 

The ultimate goal of using SVR, to developed a model to predict the future values 

(Unknown outputs) by employing the know inputs. When it comes to training the 

SVM model, the formation of the training model is based on training data, (𝑋1, 𝑌1), 

(𝑋2, 𝑌2), … , (𝑋𝑛, 𝑌𝑛)., where, 𝑋𝑛 are the input vectors, 𝑌𝑛 is the output scalars 

associated with the input data. After training the model the next step is testing the 

model. Thereby, the SVM predict the new inputs which feed to the systems x1,x2,.. xn 

to predict the unknown outputs y1,y2…yn.  For example, let’s consider a known data 
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set, which are labeled as training data {𝑋𝑎, 𝑌𝑎}. A= 1….P, with the input data 

𝑋k𝜖 𝑅𝑛, and the output scalars 𝑌k𝜖 𝑅.  With these two types of data the regression 

model can generate using the non-linear mapping function φ(>):Rn →Rph. This 

nonlinear mapping function maps the input space in to a high-dimensional feature 

space and constructs the linear regression in it. Below (4.1) describe the formula, 

[37]. 

 

𝑓(𝑥) = 𝜔 ∙ ∅(𝑥) + 𝑏                 (4.1) 

 

In this equation (4.1), the ω represent the weight vector and b is the bias term, and 

φ(x) represents the high-dimensional feature spaces that nonlinearly mapped from the 

input space x. In order to estimate the coefficients ω and b its need to minimize the 

regularized risk function, [28]; which expressed below, (4.2). 

 

1

2
‖𝜔‖2 + 𝐶

1

𝑙
∑ 𝐿𝜀(𝑦𝑖, 𝑓(𝑥𝑖))1

𝑖=1                   (4.2) 

    

׀׀ω׀׀
2 named as the regularized term which controlling the function capacity. The 

empirical error expressed by the second term of the equation, which measured by the 

ε-insensitive loss function, which is defined below (4.3); 

 

𝐿𝜀(𝑦𝑖, 𝑓(𝑥𝑖)) = {
|𝑦𝑖 = 𝑓(𝑥𝑖)| = 𝜀, |𝑦𝑖=𝑓(𝑥𝑖)| ≥ 𝜀

0
}             (4.3) 

 

C is called as the cost of error (regularization constant). ɛ introduce a ε tube, which 

demonstrate in the Fig. 3. Therefore, when the predicted value falls inside the tube 

the loss is calculated as zero. 

 

 However, if the prediction lay outside the tube, the loss is magnitude of the 

difference between the predicted value and the radius ε of the tube. When it comes to 

practice experiment, these parameters (C & ε) have to be determined by the users. 
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Figure 4.3: Parameter for the support vector regression. [28, 31] 

 

The equation (4.4); expressed the transformation of the primal objective function in 

order to get the values of ω and b by introducing the positive slack variables ξi(
*) 

denotes variables with and without (*). 

 

𝑀𝑖𝑛𝑖𝑚𝑖𝑧𝑒
1

2
‖𝜔‖2 + 𝐶

1

𝑙
∑ (𝜉𝑖 + 𝜉𝑖

∗)1
𝑖=1                                                                                (4.4) 

 

Where, 

𝑦𝑖 − 𝜔 ∙ ∅(𝑥𝑖) − 𝑏 ≤ 𝜀 + 𝜉𝑖  

𝜔 ∙ ∅(𝑥𝑖) + 𝑏 − 𝑦𝑖 ≤ 𝜀 + 𝜉𝑖
∗,    𝑖 = 1, … … , 𝑙 

 

𝜉𝑖
∗ ≥ 0           

         

The optimization problem defined in equation, (4.4); need to transforms in to its dual 

formulation by using the Lagrange, which expresses in equation (4.5 & 4.6); to solve 

more efficient way. 

 

𝐿 =
1

2
‖𝜔‖2 + 𝐶 ∑ (𝜉𝑖 + 𝜉′𝑖

𝑙
𝑖=1 ) − ∑ (𝑛𝑖𝜉𝑖 + 𝜉′𝜂𝑖

𝑙
𝑖=1 ′) − ∑ 𝑎𝑖(𝜀 + 𝜉𝑖 − 𝑦𝑖

𝑙
𝑖=1 + 𝜔 ∙ ∅(𝑥𝑖) + 𝑏) 

 − ∑ 𝑎𝑖
∗(𝜀 + 𝜉′𝑖 − 𝑦𝑖

𝑙
𝑖=1 − 𝜔 ∙ ∅(𝑥𝑖) +     𝑏)                                                                             (4.5) 

 

Here L means Lagrange and ηi, η
*

i are Lagrange multipliers. Hence the dual variables 

in (4.5) have to satisfy positive constraints, 𝜂*
i, 𝑎*

i>= 0 
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The resulting model for SVM regression is expressed in the equation (4.5), and ai, ai
* 

represent the Lagrange multipliers.  

 

𝑓(𝑥) = ∑ (𝑎𝑖−𝑎𝑖
∗𝑙

𝑖=1 )∅(𝑥𝑖) ∙ ∅(𝑥) + 𝑏               (4.6) 

 

By introducing kernel function K(xi,xj) which defines the dot product between Φ(xi) 

and Φ(xj) above equation (4.6),  can be rewritten as follows,(4.7). 

 

𝑓(𝑥) = ∑ (𝑎𝑖−𝑎𝑖
∗𝑙

𝑖=1 )𝐾(𝑥𝑖, 𝑥) + 𝑏               (4.7) 

 

Kernel functions has the capability of computing the dot product in a high-

dimensional feature space by using original input data, without computing the φ(x). 

K(xi,xj), the kernel function represent the inner product of two vectors in the feature 

space as in the equation (4.8). 

 

The kernel, 𝐾(𝑥i, 𝑥j)  =  𝛷(𝑥i), 𝛷(𝑥j)                (4.8) 

 

The main advantage of use of kernels, they can perform all the necessary 

computations in input space, without mapping the Φ(x). Numbers of kernels are 

there, that can be used to such kind of energy prediction methods. Commonly used 

kernels for nonlinear regressions are, linear kernel K(xi,xj) = xi*xj, polynomial kernel 

K(xi,xj) = (xi_xj + 1)d and the radial-basis function (RBF) kernel, K(xi,xj)= exp (-

γ׀׀xi-xj2׀׀), γ>0, where d and γ are defined as kernel parameters, Dong et al., [27].  

 

Based on the Karush–Kuhn–Tucker (KKT), (Kuhn and tucker); conditions of 

quadratic programming, b is calculated as follows, (4.8.1): 

 

𝑏 = 𝑦𝑖 − ∑ (𝑎𝑖−𝑎𝑖
∗𝑙

𝑖=1 )𝐾(𝑥𝑖, 𝑥) − 𝜀 if   0<ai<C  

𝑏 = 𝑦𝑖 − ∑ (𝑎𝑖−𝑎𝑖
∗𝑙

𝑖=1 )𝐾(𝑥𝑖, 𝑥) + 𝜀 if   0< a*
i<C                                              (4.8.1) 

 

The kernel, 𝐾(𝑥i, 𝑥j)  =  𝛷(𝑥i) ∗  𝛷(𝑥j)                 (4.9) 
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In addition, based on the KKT conditions of quadratic programming, only a certain 

number of coefficients (ai, a*
i) in equation (4.5) will assume non-zero values. The 

data points associated with them have approximate errors equal to or larger than ε 

and are referred to as support vectors. These are the data points lying on or outside 

the ε -bound of the decision function. According to equation (4.5), it is evident that 

support vectors are the only elements of the data points that are used in determining 

the decision function as the coefficients ( ai,a
*

i) of other data points are all equal to 

zero. 

 

Generally, the larger the ε, the fewer the number of support vectors and thus the 

sparser the representation of the solution. However, a larger ε can also depreciate the 

approximation accuracy placed on the training points. In this sense, ε is a trade-off 

between the sparseness of the representation and closeness to the data, [28]. 

 

4.5.2 Kernel selection 

 

The kernel selection is a most important step in developing of the appropriate 

Support Vector Machine model for regression. As mentioned above there are 

several kernel types that can be employed when conducting such kind of energy 

prediction. However, when it comes to prediction of energy demand and 

temperature the most popular kernel is the Gaussian function, which is the function, 

included in the RBF kernel. Many researchers including the Dong et al., has 

employed the RBF kernel in to their experiments. “The RBF kernel nonlinearly 

maps samples into a higher dimensional space, and unlike the linear kernel, it can 

handle  the  case  when  the  relation between class  labels  and  attributes is  non-

linear”. In such kind of energy prediction model the non-linear, dynamical nature of 

the weather on energy demand in heating, ventilation, and air conditioning systems, 

excludes the possibility of using the linear kernel. Another type of kernel that can be 

employed in such kind of energy prediction is the polynomial kernel. When it comes 

to polynomial kernel it has many more hyper-parameters than the RBF kernel which 

leads to an end result of increasing the complexity of the forecasting model. 
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Therefore, when considering the kernel selection to such kind of energy prediction, 

the left best option is RBF kernel which has less “numerical difficulties” than the 

polynomial kernel which results with less of a tendency to produce values 

approaching zero and infinity. However, when it comes to polynomial kernel, it 

creates a less restrained curve. Even though the sigmoid kernel behaves like RBF 

for certain parameters, Qiong li et al., [31]; the validity of the kernel is questionable 

under certain parameters. All above justifications pave the path to proof the best 

option as, RBF kernel for such kind of experiment.  

 

4.5.3 Normalizing parameters 

 

Before start the SVM regression it’s always beneficial to avoid the unnecessary 

calculations by improving the calculation efficiency. In order to avoid such kind of 

heavy calculations and perform a smooth process the input data and output data need 

to be normalized as follows Qiong li et al., [31]. 

𝑉1
′ =

𝑉1−𝑉𝑀𝑖𝑛

𝑉𝑀𝑎𝑥−𝑉𝑀𝑖𝑛
 𝑞1

′ =
𝑞1−𝑞𝑀𝑖𝑛

𝑉𝑀𝑎𝑛−𝑞𝑀𝑖𝑛
          (4.10) 

 

In the above equation (4.10) parameter vi represents each input parameter, including 

the outdoor temperature, relative humidity with solar radiation. Moreover, qi 

represent, the building energy load. From the maximum & minimum terms of the 

above equation, they all represent corresponding minimum and maximum values the 

energy data, outdoor temperature, relative humidity, solar radiation data. From such 

methodology the equation (4.10) can be used to calculate the normalize data as an 

input factor to the SVM model. After normalizing the data as a preparation technique 

to select the appropriate kernel function, SVM model need to be established by the 

nonlinear relation between the building energy load and selected parameters. When 

the prediction is completed, the resultant output Y from SVM model, needs be 

converted into the actual prediction, Qiong li et al., [31]; value as shown in equation 

(4.11). 

 

�̂� = 𝑞𝑚𝑖𝑛 + 𝑌 ∙ (𝑞𝑚𝑎𝑥 − 𝑞𝑚𝑖𝑛)              (4.11) 
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4.6 Model Development for Monthly& Weekly Load Prediction 

 

Figure 4.4 demonstrate the proposed model for load forecasting to both monthly & 

daily data. Thereby, firstly the data are separated in to two groups called training and 

testing data. After the separation the next step is to normalize the data by using pre-

preparation techniques in order to avoid large numerical calculations. Then, these 

normalized training data used to model optimization, which describe in section 4.5.3. 

After selecting the optimized parameters the next step is to create time lags in order 

to remove the storage effect. However, when it comes to daily load forecasting the 

storage effect significantly affect to forecasting model than the monthly load 

forecasting as stated in, section 4.6.5. After creating the time delays and parameter 

optimization the forecasting model is developed by using support vector regression 

on the training data set.  Next, using this developed forecasting model with the 

testing data, which obtained by splitting the data used to develop the prediction 

model. Finally, the prediction process conducted and the prediction results are 

obtained to monthly and  daily basis as per the feeding data type (monthly or daily) 

and the performance of the models are measured by error measurement techniques as 

mentioned in the section 4.6.3. 

 

4.6.1 Preprocessing of collected data 

 

As describe in section 4.4.3, the monthly energy demand data was collected from 

four peer office buildings, which were selected by analyzing the data availability 

among all the commercial buildings around Colombo, Sri Lanka. (The data 

collection period was monthly data from January 2010 to November 2013). For the 

simplicity, these buildings were assigned as A-D which named by the location wise  

as A-Town hall, B- Pettah, C- City, D- Bambalapitiya. January 2010 to December 

2012 were chosen as the training years, while keeping year 2013 as the test year. In 

the Table 4.1 below, it summarizes the building physical details such as area and the 

average annual energy usage of these selected buildings. 
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 Table 4.1: Total energy consumption of four buildings 

 

 

Weather data 

 

According to the previous studies T, RH and SR found to be the main parameters 

that cause significant effects on the building energy consumption. Weather data was 

collected from the metrological department, (shows in figure 4.2), Colombo because 

of its accuracy & relativity to the building locations. Moreover to remove the year to 

year changes in air-conditioned are as affection and human capital changes of the 

buildings the research finding of the Fels and coworkers,[1]; are applied. Thereby, 

they evaluate a proportional relationship between annual daily energy usage and 

changes in air-conditioned area.  Thus, for a particular year, the normalized area-

changed energy usage is nearly resembles to the annual mean energy usage divided 

by the gross floor area as the air-conditioning facilitating not only the office areas but 

also most of the common areas in these four buildings. This study mainly focused on 

landlord energy consumption as it likely removes the affects coming from the 

population alteration. Thus, made an assumption that the normalized energy usage by 

these buildings are sufficiently enough for above mentioned changes. 

 

Model identification 

 

With the kernel parameter γ, the parameters C, and ε were considered to be the 

performance parameters of the final prediction model. The prediction model was 

elaborated using a stepwise approach, in order to select the optimum parameters 

when the model is in its training phase. 

Building Training Year Test Year 
Gross Floor 

Area (m^2) 

Landlord energy 

Consumption (kWh)/Yr 

A Jan  2010 to Dec 2012 2013 46,452 27,327,108.00 

B Jan  2010 to Dec 2012 2013 4,637 594,049.20 

C Jan  2010 to Dec 2012 2013 929 1,661,748.00 

D Jan  2010 to Dec 2012 2013 904 833,538.00 
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Figure 4.4: Proposed model to energy forecasting. 
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4.6.2 Formatting Data:   

 

Two sets of data need to Support Vector Machine Regression require making its 

regression. They are namely the training data set and the test data set. As the first 

step to feed the data in to the program a Mat lab code was written to format the data 

into two sets for use in SVM regression. The training set contains all of the data 

available. The training data set is used, along with the parameters modification & 

selecting the optimal, to build multi-dimensional models and apply the kernel 

function. The first column of data in the training set, called the y values, contains a 

list of energy values beginning with the most recent and going back in time. The 

ultimate goal of the SVM regression is to output the future y values so the y values 

must be the same type of data that will be predicted (in this case, energy demand).  

When it comes to the testing data unlike the training set, the test set only contains the 

most recent data. It is used in conjunction with the model to predict future values. 

When Support Vector Machine regression is used, the y values predicted by the 

model are the values that would fit best as y values in the  test  set, [31].   

 

4.6.3 Evaluation indices 

 

The criterion used to select the most appropriate model is to maximize the goodness 

of-fit using the simplest model or combination of models, Draper and Smith, [52]. 

For the non-linear modeling, use the definitions in chapter 3, section 3.1 to evaluate 

the prediction performance namely, mean squared error (MSE), mean squared error 

of scaled value (S-MSE), % error, R-MSE and coefficient of variance based on root 

mean squared error (CV-RMSE). 

 

The smaller the MSE and % error value, the closer are the predicted values to the 

actual values. CV-RMSE is a non-dimensional measure that is found by dividing 

RMSE by the mean value of Y. It is usually presented as a percentage. Hence, a CV-

RMSE value of 5% would indicate that the mean variation in Y not explained by the 

regression model is only 5% of the mean value of Y, [41]. In addition, during the 
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model identification and processing period, S-MSEs are compared only and enough 

to decide the best model. 

 

In order to measure the accuracy of the develop model there need to be some kind of 

evaluation method. In this paper to measure the performance of SVM models the 

following techniques were applied. They are root mean square error (RMSE), MSE 

and % error which are define in following equations.  

𝑀𝑅𝐸 =
1

𝑁
∑ |

𝑌𝑖−�̂�𝑖

�̂�𝑖
|𝑁

𝑖=1 ∗ 100%             (4.12) 

�̂�𝑖 is the prediction value of Yi 

 

The precentage error defined as follows. 

% 𝑒𝑟𝑟𝑜𝑟 =
𝑌−�̂�

𝑌
∗ 100                 (4.13) 

 

Moreover, for further evaluations of these models following statistical metrics also 

used, namely, coefficient of variance based on root mean squared error (CV-RMSE). 

The CV-RMSE is defined below,[27]: 

 

𝐶𝑉 − 𝑅𝑀𝑆𝐸 =
𝑅𝑀𝑆𝐸

Ỹ
∗ 100  

Where,   𝑅𝑀𝑆𝐸 = [𝑀𝑆𝐸]
1

2 = √1

𝑁
∑ (

𝑌𝑖−�̂�𝑖)
2

𝑁
𝑖=1 ∗ 100%          (4.14) 

Here, N is number of observations. 

 

As mentioned early in this paper, in order to apply the Support Vector Machine to the 

training data, number of parameters must be selected. The kernel function, C 

parameter ɛ and γ parameter specified in the training phase determine the 

performance of the model prediction.  

 

Therefore, if wrong selection of the above-mentioned parameters will leads to totally 

misleading models. In order to create the most effective model, the parameters need 

to select to create the best “goodness-of-fit”. When the experiment is going to 
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conduct to find out the best-fit need to make sure to not to make the model too 

computationally expensive to run on a personal computer. 

 

4.6.4. SVM algorithm development. 

 

When developing the SVM algorithm its need to find out the best platform to run the 

program.  There are two different software packages, which can be used to 

implement the SVM algorithm in order to run SVM regressions on a personal 

computer. There are, Both LIBSVM and SVMlight the both software’s requirements 

were similar means the both need the same data format. Furthermore, this software 

divide the regression into a training function that trains the model and a testing 

function that is used to validate the model and predict into the future. When selecting 

the software package, the LIBSVM was chosen because the SVMlight training 

function took much longer to run when computationally expensive hyper parameters 

were specified. The average running time of LIBSVM was a few minutes, while 

SVMlight often took over an hour. Therefore, use on personal computers, LIBSVM 

was the clear choice software package, [28]. 

 

Variable selection 

 

When it comes to model creation, the variable selection also plays a crucial role. 

Therefore to select the best combination of variable to the model, there need to have 

selection which combination of weather and energy variables would create the most 

efficient and accurate model.  Therefore, to select the best models with variables, 

three different years of energy data and corresponding years of weather data were 

employed & conduct the experiment.   

 

When selecting variables for such an experiment, to country like Sri Lanka, the most 

affecting parameters are temperature, relative humidity, dew point, wind speed, and 

solar radiation. Wind speed was eliminated as a possible weather variable from the 

model due to the low impact of these variables on energy use in heating, ventilation, 

and air conditioning, which makes low impact on energy consumption of a building. 
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However, relative humidity and dew point temperature are two similar definitions, 

which can be derived from each other. When employing similar variable to the 

model, which can be derived from each other, would introduce redundancy in the 

model by increasing the model complexity. Relative humidity can be defined as the 

ratio of water pressure in an air/water mixture. The main impact of relative humidity 

its changes with pressure and temperature, unlike the absolute humidity which only 

measurement of water content in air. Moreover, the dew point temperature, defined, 

as “is the temperature to which a given parcel of humid air must be cooled, at 

constant barometric pressure, for water vapor to condense into water”. Therefore, 

from above two definitions to relative humidity & dew point temperature, its implies 

that, the both relative humidity and dew point take into account temperature, 

moisture content in air, and pressure. To this experiment, the relative humidity was 

chosen with the accuracy of data availability of the meteorological department. 

 

Therefore, the 4 variables available to create the model were three separate years of 

energy, temperature, relative humidity and solar radiation. These variables were then 

ranked in terms of importance to the predictive model based on the variables. The 

variables were prioritized as 1st   year of energy, 2nd year of energy, temperature, 

relative humidity and solar radiation. After selecting the variables it’s a need to select 

the best variable combinations to find out the best model. The LIBSVM-2.6, software 

was used to train and test data.  Training data was used, starting January   2010 and 

ending December 2012. The following year was used as test data. Default parameters 

were used for each regression, since those values had not yet been specified. 

LIBSVM-2.6 produces an R-square and S-MSE value after running the testing 

function. These values can be used to validate the accuracy of the model if the class 

labels (the prediction variable values for SVMR) in the test set are the true values. 

The output is not a prediction but rather a comparison of the model’s performances to 

predict with the actual testing values. The methods section on the prediction cases 

outlines how replacing the class labels with random values creates the predictive 

capability of the model. However, in the case of validation of the model variables and 

parameters, the real values are used as class labels. 
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Parameter characteristics of SVM 

 

When it comes to parameter modification of SVMR, the most important parameters 

are the penalty parameter C, the ε- insensitive loss function and γ of Gaussian kernel. 

If chose a very small value of C, it will case to under-fit the training data. This is 

because weights placed on the training data are too small which would leads to result 

in large values of prediction error on the test sets. However, it’s not recommended to 

select too high values for penalty parameter C, which will leads to SVM to over-fit 

the training set. If placed a such a high value on the training set C over fit with the 

data sets and the goes back to minimize the empirical risk which differs from the 

properties of structural risk minimization principle. Moreover, selecting larger C 

causes to a larger range of the value of support vectors, by resulting need of more 

data points as support vectors in the optimization formulation, Dong et al., [27]. 

After selecting the penalty parameter, the other important parameter is ε. If the ε is 

larger value according to the figure 4.8, the number of support vectors is fewer.  

 

However, selection of too large ε cans leads to reduces the accuracy levels on the 

training data. Even though, C & ε plays a crucial role, there is no way to find the 

optimal values of C and ε are which will lead to optimal model design before conduct 

the experiments. In order to fund the best parameters, which give the superior 

performances, some kind of parameter search must be done. There by can find an 

optimal values of C and ε so that the model can accurately predict the unknown data 

with high accuracy levels. Most of the past researches grid search method was 

conducted in order to find out the best C & ε. However, the grid search method is a 

cost complex one with considerable reliability, which tires all pairs of (C, ε) to find 

out the best performances. In Bing et al., 2005,[27]; Qiong et al., 2009, [31]; its 

pointed out that use of exponential growing sequence (C = 2-5, 2-2…210, ε = 2-10… 2-

5) is a practical identify the best suit values for C & ε.  Dong et al., [27]; in his 

research developed a new searching method called the stepwise searching method to 

find out the performance of SVM and select the optimum values for C & ε. In this 

research, in order to determine the best values of parameter and ε, the simulation 

processes of SVM load prediction model with various parameter settings were 
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analyzed. Firstly, in this process one time search method was used to find out the 

Mean Square Error (MSE)-1. Then, the experimental procedure was conducted on C 

(By fixing the first result of ε) and ε (By fixing the second result of C) to get the 

second lowest MSE2.  

 

Likewise, the experimental procedure was conducted by fixing the ε to be 0.1, and 

vary the value of C from 2-5 with an exponential growth till 25 to train the SVM 

model using the training sample from year 2010 to 2012 data. The results of the 

prediction errors of MRE, and the number of support vectors are shown in figure 4.5. 

 

From figure 4.5, its implies that the number of support vectors increases slightly with 

C. Furthermore, in figure 4.6, it shows for parameter C, there is a lowest MSE point 

for each and every building which pave the path of selecting the best value C. In 

figure 4.6, the S-MSE first decreases slightly when increasing the parameter C, and 

then increases after the reaching to a minimum value. The results, for the 

optimization process are listed as shown in table 4.1. 

 

After obtaining minimum value of MSE to select the optimum value of C, the value 

of C is fixed. Then the ε set at various values between 2-10 and 2-1, and trains the 

SVM model using the training data. The results are shown in figure 4.7. From figure 

4.7, it can be seen that the MSE firstly almost remain constant, and then suddenly go 

up largely when ε is between 0.03125 and 0.5.  

 

However, figure 4.8, show that, the number of support vectors decreases largely 

when the ε increases by reaching to zero. From this behavior it can conclude that ε 

not plays a significant role when deciding the performance of the SVM model 

greatly. However, its affects to number of support vectors by showing a decreasing 

the number when the value of ε increases largely. 
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 Figure 4.5: Results of C value with MSE  

 

 

 Figure 4.6: Results of C value with NSV 

 

Table 4.2: Results for C, ε, γ after SVMR–Buildings (A, B, C, D) 

Building Type C ε γ NSV % error MSE CV% 

Townhall A 32 0.0625 0.125 30 -2.50 0.062 5.19 

Pettah B 0.5 0.125 0.125 23 -1.81 0.018 3.72 

City C 2 0.125 2 24 -1.49 0.025 4.07 

Bambalapitiya D 2 0.0625 0.125 28 2.09 0.033 3.67 

C Value 

   C Value 

MSE 

NSV 
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   Figure 4.7: Results of ε value with MSE for all four buildings   

 

 

 

   Figure 4.8: NSV with ε value for all four builings. 

 

 

Finally, to find out the best ε value the prediction error and the number of support 

vectors were considered. The choose parameters were shown in table 4.2. 

MSE 

NSV 

ε Value 

ε Value 
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Modification of the width parameter γ of Gaussian kernel 

 

When it comes to high dimensional feature space, the width parameter γ of Gaussian 

kernel directly defines the structure of the high-dimensional feature space Φ(X). 

Furthermore, the Gaussian kernel can control the complexity of the final solutions by 

changing the complexity of the model. High value for γ means the ultimate results 

will be a narrow kernel, by reducing the prediction error. If the value for γ is too 

large it will results to increase the prediction error by reducing the accuracy of the 

model. Therefore, the value of γ plays a crucial role and it need to be selected 

suitably according to the regression problems. To get an optimum value to γ value, 

the stepwise search method is conducted again by setting the C and ε as per the table 

no 2. The simulation was carried out for SVM load prediction model with various 

values of γ between 2-1 and 28. Due to difficulty of graphical representation of full 

scale of optimization, only critically affected ranges are included in this report.  As 

done in parameter modification for C & γ values prediction errors of MSE and % 

error and the number of support vectors are recorded. The results are shown in Figure 

4.9. From figure 4.9, we can see that the best Results of γ for this load prediction 

problem, [31]. 

 

 

Figure 4.9: Results of γ value with MSE 

MSE 

γ Value 
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4.6.5 Storage effects analysis to prediction 

 

As mentioned earlier in this paper, when selecting the variables to model 

optimization, it’s also need to consider about the delay effects of outdoor 

temperature, solar radiation & relative humidity to the building energy consumption, 

especially on the building cooling load as it’s critically affects to the energy 

consumption. In order to find of the sensitivity effort (Storage effect) the model need 

to evaluate by using the data of the past 2 or 3 months in history as the input 

parameters, [31]. When it’s considering the sensitivity analysis the storage effects 

maybe go more than 3 month in history. In order to analyze the storage effects, the 

experiment was conducted for different five situations with different combinations of 

input parameters. The experimental combinations used for the analysis are shown in 

table 4.3.  

 

 

Figure 4.10: Results of γ value with NSV 

 

For these five cases, SVM model with parameters C, ε and γ determined above is 

established on the basis of the environmental factors and building energy load. And 

the established SVM model is used to predict the monthly building energy load. 

Table 4.3. Show the MSE of the training sample and testing sample under various 

cases. The table 4.4; shows that for case 1, only the outdoor temperature, relative 

    γ Value 

NSV 
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humidity & solar radiation of the past 1 in month is employed, the RMSE & % error 

is relatively larger than the other four cases. However, when the data of the past two 

or more months (cases 2–5,) in historical data considered to develop the model the 

RMSE and & % error are almost the same by resulting the minimum MSE in case 2.  

 

Therefore, the input parameters were selected as like case 2, to gain a higher 

accuracy with simple model for prediction process. 

 

        Table 4.3: Historical monthly data for Input parameters setting. 

 

 

             Table 4.4: The prediction errors of SVM models in different cases. 

                      

 

4.7 Results of SVM Prediction for Energy Load Forecasting 

 

After parameters C, ε and γ are selected the selection of input parameters are 

finalized. There by, the SVM model is established with the environmental data and 

building energy load. The Mat lab R-2009a Toolbox is used to train and develop the 

SVM model to all four buildings energy load prediction. 

No.

Case 1 t1,RH,T,SR,O(t1,t2,t3)

Case2 t1,t2,t3,RH,T,SR

Case 3 t1,t2,t3,RH,T,SR,O(t1)

Case 4 t1,t2,t3,RH,T,SR,O(t1,t2)

Case 5 t1,t2,t3,RH,T,SR,O(t1,t2,t3)

t1-3 Past Energy Data

O(t1--3) Past enviromental data

Input Parameters

No. MSE % error

Case 1 0.0537 -1.86

Case2 0.0284 -1.88

Case 3 0.0335 0.73

Case 4 0.0344 1.43

Case 5 0.0319 1.34
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    Figure 4.11: Results of SVM prediction for Building A 

 

 

 

 

  Figure 4.12: Results of SVM prediction for Building B  
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Figure 4.13: SVM prediction for Building C                 

  

 

 

 Figure 4.14: SVM prediction for Building D  
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4.7.1 Results of SVM for prediction of landlord energy consumption 

 

The summary of results of SVM properties selections is shown in table 4.2.  Table 

4.2, show that Building A has the highest MSE of 0.062 & Building B has the lowest 

MSE of 0.018. When it comparing the number of support vectors, they are different 

to each building with the parameter C and γ & ε. When it’s comparing the CVs for all 

four buildings, representing the variances from the actual, are very small by resulting 

less than a value of 5%. 

 

4.7.2 Validation of the results 

 

 Table 4.5: Comparison of results with standards 

 

 

From above results it can conclude that all the SVM models can be considered as 

accurate models for predicting the future energy consumption, Fels et al., 1986, [1];. 

Furthermore, compared with other research conducted using other techniques to 

predict the energy consumption, these models with SVM shows high prediction 

accuracy levels.  

 

For example neural networks (NN)) Kreider and his co-workers, [47]; worked on 

chilled water shows much higher CVs more than 10%. However, in this prediction 
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the results shows, the highest CV of 5.19% appears to be in the Building A, while the 

lowest CV of 3.67% appears in Building B which shows high level of accuracy on 

the prediction process. 

 

4.7.3 Residual Values Calculation 

 

The performances of residues of four buildings are shown in figure 4.15. In ordinary 

least square (OLS) regression, the undesirable performance of residues is always 

problem, [27]. In this study, it seems the same problem occurred again, which shows 

that the distributions of residues are not constant. However, since it appears 

randomly, the prediction model can be considered to be consistent. 

 

 

Figure 4.15: Residues of estimated landlord energy consumption 

 

4.7.4 Discussion and conclusion 

 

SVM is used to predict landlord energy consumption in this study. With the gain 

popularity, SVMs is applied in the research of building load estimation. The 

performance of SVMs, in terms of MSE and % error, is proof better than the other 

established modeling tool used so far, including neural networks and genetic 

programming. 
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The results of comparison are shown in Table 4.5. It shows that in terms of 

performance measurements, the results from SVMs are much better than those from 

past researches carried out so far. Table 4.5 Results of comparison on baseline 

landlord energy consumption with three performance measurement techniques. 

 

The results of MSE, % error, CV from SVMs in this research are much better than 

those from others, which indicate the strong tracking ability of SVMs. The reasons of 

outstanding results of SVMs can named as follows: 

 

(1) Consideration of gamma, kernel parameter optimization. 

(2) Developing time lags to both past energy consumption & environmental 

conditions to input vector can be pointed out. 

 

4.8 Baseline Models of Building Weekly Landlord Energy Consumption 

 

4.8.1 Data collection 

 

Figure 4.16:  Energy demand data profile of four years. 

 

To develop an accurate weekly model for prediction process office building, E;   is 

selected, among the Colombo city, Sri Lanka and figure 4.16 shows daily energy 

consumption values for the selected buildings for the modeling process. Weather 
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has a significant effect on the amount of energy required to functions like air-

conditioning heating and cooling system of a building. Figure 4.17, shows, the 

selected weather parameters (temperature, relative humidity, solar radiation) in 

Colombo region, Sri Lanka for a period of 4 years. 

 

4.8.2 Preprocessing of collected data 

 

The energy demand data was collected from the office building, which was selected 

by analyzing the data availability among all the official buildings around Colombo, 

Sri Lanka. (The data period was monthly data from July 2011 to March 2014). 

 

 

 Figure 4.17: Weather data profile of four years 

 

 

July 2011 to February 2014 are chosen as the training years, while keeping March 

2014 as the test Month. In the table 4.6 below, it summarizes the building physical 

details such as area and the average annual energy usage of the building. 

 

4.8.3 Weather Data 

 

As per the monthly load forecasting T, RH and SR found to be the main parameters 

that cause significant effects on the building energy consumption. Weather data was 

Month (2010 -2014)  
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collected from the metrological department, Colombo because of its accuracy & 

relativity to the building locations. Same procedures are followed in order to remove 

the year to year changes in air-conditioned area & population changes. Thus, made 

same assumption that the normalized landlord energy usage by these buildings are 

sufficiently enough for above mentioned changes. 

 

4.8.4 Model identification 

 

With the kernel parameter γ, the parameters C, and ε were considered to be the 

performance parameters of the final prediction model. The prediction model was 

elaborated using a stepwise approach, in order to select the optimum parameters 

when the model is in its training phase. 

 

Table 4.6: Total energy consumption of four buildings 

 

4.8.5 Formatting Data 

 

The needed two sets of data to Support Vector Machine Regression namely the 

training data set and the test data set. As the first step to feed the data in to the 

program a Mat lab code was written to format the data into two sets for use in SVM 

regression. The training set contains all of the data available. The training data set is 

used, along with the parameters modification & selecting the optimal, to build multi-

dimensional models and apply the kernel function, [27].  

 

4.8.6 Evaluation indices 

 

The criterion used to evaluate the monthly load forecasting is selected in weekly 

forecasting too. For the non-linear modeling, the prediction performance is evaluated 

Building Training Year Test Month 
Gross Floor 

Area (m^2) 

Landlord energy 

Consumption (kWh)/Yr 

 

E July 2011 to Feb 2014 

 

March 2014 450.67 98,127 
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using the following statistical metrics, namely, mean squared error (MSE), mean 

squared error of scaled value (S-MSE), percentage error (% error) and coefficient of 

variance based on root mean squared error (CV-RMSE). 

 

Therefore, the 4 variables available to create the model were three separate years of 

energy, temperature, relative humidity and solar radiation. These variables were then 

ranked in terms of importance to the predictive model based on the variables. The 

variables were prioritized as 1st   year of energy, 2nd year of energy, temperature, 

relative humidity and solar radiation. After selecting the variables it’s a need to select 

the best variable combinations to find out the best model. The LIBSVM-2.6 software 

was used to train and test data.  Training data was used, starting July   2011 and 

ending February 2014. The following month was used as test data. Default 

parameters were used for each regression, since those values had not yet been 

specified. LIBSVM-2.6 produces an R-square and MSE value after running the 

testing function. 

 

4.8.7 Parameter characteristics of SVM 

 

As mentioned in section 4.8.4, the most important parameters are the penalty 

parameter C, the ε- insensitive loss function and γ of Gaussian kernel.  In the short 

term load forecasting also, in order to determine the best values of parameter C, γ & ε 

the simulation processes of SVM load prediction model with various parameter 

settings were analyzed. Firstly, in this process one time search method was used to 

find out the Mean Square Error (MSE)-1. Then, the experimental procedure was 

conducted on C (By fixing the first result of ε) and ε (By fixing the second result of 

C) to get the second lowest MSE2. Likewise, the experimental procedures are 

conducted by fixing the ε and vary the value of C to train the SVM model using the 

training sample from year 2011 to 2014 data. The results of the prediction errors of 

MSE, and the C values are shown in figure 4.18. 

 



                                     Chapter 4: Baseline models of building monthly & daily landlord energy consumption 

65 

 

 

Figure 4.18: Results of SVM prediction for Building E (Borella) 

 

 

Figure 4.19: Results of SVM prediction for Building E (Borella) 

 

Again its implies from figure 4.18, that the number of support vectors increases 

slightly with C. Furthermore, in figure 4.18, it shows for parameter C, there is a 

lowest MSE point for each and every building which pave the path of selecting the 

best value C. In figure 4.18, the MSE first decrease slightly when increasing the 

parameter C, and then increase after the reaching to a minimum value. The results, 

for the optimization process are listed as shown in table no 4.7. 

MSE 

NSV 

                       C Value 

                 C Value 
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            Figure 4.20: Results of SVM prediction for Building E (Borella) 

 

After obtaining minimum value of MSE to select the optimum value of C, the value 

of C is fixed. Then the ε set at various and trains the SVM model using the training 

data. The results are shown in figure 4.20 & 4.21.  

 

 

            Figure 4.21: Results of SVM prediction for Building E (Borella) 

 

From figure 4.20, it can be seen that the MSE firstly almost remain constant, and 

then suddenly go up largely when ε is between 0.03125 and 0.5. 

 

MSE 

NSV 

              ɛ Value 

                  ɛ Value 
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However, figure 4.21 shows that, the number of support vectors decreases largely 

when the ε increases by reaching to zero. Again its proves that the ε not plays a 

significant role when deciding the performance of the SVM model greatly. However, 

its affects to number of support vectors by showing a decreasing the number when 

the value of ε increases largely. 

 

4.8.8 Modification of the width parameter γ of Gaussian kernel 

 

The same procedures were followed as mentioned in section 4.8.4 to get an optimum 

value to γ value. Here also followed the stepwise search method by setting the C and 

ε as per the table no 4.7.  

 

       

        Figure 4.22: Results of SVM prediction for Building E (Borella) 

 

 

 Table 4.7: Results for C, ε, γ after SVMR – Building (E) 

 

 

Building 

 

Type 

 

C 

 

ε γ 

 

nSV 

 

% error 

 

MSE 

 

CV% 

Borella E 1 0.125 0.25 113 1.44 0.0036 8.16 

MSE 

            γ Value 
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             Figure 4.23: Results of SVM prediction for Building E (Borella)  

 

 

4.8.9 Storage effects analysis to prediction 

 

To overcome the sensitivity effort (storage effect) the model need to evaluate by 

using the data of the past 2 or 3 months in history as the input parameters. When it’s 

considering the sensitivity analysis the storage effects maybe go more than 3 month 

in history, [27].  

 

In order to analyze the storage effects, the experiment was conducted for different 

four situations with different combinations of input parameters. The experimental 

combinations used for the analysis are shown in Table 4.8 & 4.9. 

 

Table 4.8: Results for Storage effect to Building (E) 

No.   Input Parameters 

Case 1   t1,RH,T,SR,O(t1,t2,t3)   

Case2 

 

t1,t2,t3,RH,T,SR   

Case 3   t1,t2,t3,RH,T,SR,O(t1)   

Case 4   t1,t2,t3,RH,T,SR,O(t1,t2) 

          

t1-3 Past Energy Data     

O(t1--3) Past environmental      

        γ Value 

NSV 
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Table 4.9: Results for storage effect to Building (E) 

 

 

4.8.10 Results of SVM for prediction of landlord energy consumption 

 

The summary of results of SVM parameter properties selections is shown in table 

4.7. According to Table 4.7, building E has the MSE of 0.074. When it’s comparing 

the % error for the building, representing the variances from the actual, are very 

small by resulting less than a value of 2%. 

 

 

   Figure 4.24: Results of SVM prediction for Building E (Borella)  

 

From above results it can conclude that all the SVM models can be considered as 

accurate models for predicting the future energy consumption, Greg et al., [15].  

Furthermore, compared with other research conducted using other techniques to 

predict the energy consumption, these models with SVM shows high prediction 

No. MSE

Case 1 0.0642

Case2 0.0241

Case 3 0.0293

Case 4 0.0254
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accuracy levels. When compare to monthly load prediction, in this prediction the 

results shows, the highest CV of with high level of accuracy on the prediction 

process. The main reason can be the data pool used to training stage is significantly 

larger & the weather parameters effects also considerable amount compared to 

monthly load forecasting. 

 

4.8.11 Residual values calculation 

 

In this study, it seems the same problem occurred again, which shows that the 

distributions of residues are not constant. However, since it appears randomly, the 

prediction model can be considered to be consistent. 

 

 

       Figure 4.25: Residues of estimated landlord energy consumption, (E) 

 

4.9 Observations of the Experiment on Both Daily & Monthly Load Forecasting 

 

SVM is used to predict landlord energy consumption in this study. With the gain 

popularity, SVMs is applied in the research of building load estimation. The 

performance of SVMs, in terms of CV and % error, is proof better than the other 

established modeling tool used so far, including neural networks and genetic 

programming. 

   Days 

kWh/m2     

(Error) 
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The results of comparison are shown in table 4.5. It shows that in terms of 

performance measurements, the results from SVMs are much better than those from 

past researches carried out so far. Table 4.5 Results of comparison on baseline 

landlord energy consumption with three performance measurement techniques. The 

results of CV from SVMs in this research are much better than those from others, 

which indicate the strong tracking ability of SVMs. The reasons of outstanding 

results of SVMs can named as follows: 

 

(1) Consideration of gamma, kernel parameter optimization.  

(2) When creating time lags both past energy consumption & environmental 

conditions to input vector can be pointed out. 

Furthermore, with above observation the below outstanding features of SVM also 

caused to such an improvement of results. 

 

(1) Structural risk minimization (SRM) principle, which is the most outstanding 

feature of SVM, is implemented to minimize the upper bound of the generalization 

error rather than the training error, which is applied in other learning methods such as 

NN. 

 

(2) There are fewer free parameters to optimize compared to neural network and 

genetic programming. As investigated in this study, only parameter C, γ and ε are 

important parameters to the prediction models. However, for the neural networks, 

there are lots of free parameters needed to adjust such as number of neurons in the 

hidden layers, the learning rate, number of epochs, the stop criteria and the transfer 

functions. Furthermore, NN can never reach a global solution. However, the solution 

of SVM is unique and optimal because SVM is like solving a linearly constrained 

quadratic programming. 

 

Furthermore, a stepwise search is employed in this study, which is more reliable yet 

simple. The final results demonstrated that SVMs is feasible and applicable in 

prediction of monthly landlord utility bills in the tropical region. Moreover, the 

application of this methodology is not limited to only the tropical region based on its 
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strongly theoretical background and regression characters. Since SVMs presents 

many advantages in prediction, short-term (weekly) load data also explored in this 

research and found the prediction in commercial building also gives high accuracy 

results. 

 

Furthermore, when it compared to monthly load forecasting in section 4.4, again it 

proves that the short term load forecasting gives high performances with low error 

results that the monthly model. The reason for such prediction can be pointed out as 

the large daily data input to the model allows high training facility to model rather 

than the monthly one. Further the effect of environmental factors to daily load 

forecasting may be much higher than the monthly period as in monthly load 

forecasting it takes the mean values to all predictions inputs. Table 4.10 shows the 

accuracy levels of short term and medium term load forecasting results. 

 

Table 4.10: Results for Short term and medium term load forecasting 

 

4.10 Implication 

 

Two main analyses, support vectors machines, for base lining building (monthly & 

weekly) landlord energy consumption are presented and discussed in this chapter. 

The applications of these two systems are feasible and applicable. Furthermore, 

SVMs is verified to be better method for regression estimation of non-linear 

performance data pool. The results show that the development of baseline models of 

building landlord energy consumption is successful and the errors are in secure. 

However, more buildings are needed to constitute a larger data pool and 

consequently, more reliable and confident for the development of a standard baseline 

method of landlord energy consumption. 

Performance measurement 

 

Medium term 

 

Short term 

MSE 0.018 0.0036 

 % error  within 2 % within 2% 


