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CHAPTER 3  

METHODOLOGY FOR ERROR EVALUATION AND PRE-

PREPARATION TECHNIQUES 

 

3.1 Introduction 

 

In this chapter, methodologies used in performance evaluation and pre-preparation 

for baseline model development, are explained. Daily & Monthly electricity bills of 

buildings in Sri Lanka are collected for modeling and analysis. According to the 

literature analysis, coefficient of determination (R2), the coefficient of variance of the 

root-mean-square error (CV-RMSE), Mean Squared Error, (MSE) and % error are 

used in evaluating the efficiency of the model. The value of R2 is defined as the 

Pearson correlation coefficient between the observed and fitted values. The CV-

RMSE is a non-dimensional measure, that can be calculated by dividing root-mean-

squar error (RMSE) by the mean value of total energy consumption Y and this is 

usually represented in percentage. The CV-RMSE defined below equation (3.1): 

 

𝐶𝑉 −  𝑅𝑀𝑆𝐸 =  
𝑅𝑀𝑆𝐸

Ỹ
∗ 100                                               (3.1) 

Where, 𝑅𝑀𝑆𝐸 = [𝑀𝑆𝐸]
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Yi is the actual energy consumption of single month/day/hour, i (i=1,…N). Ỹ is the 

mean value of Y. Ŷ is the value of Y predicted by the regression model. N is the 

number of observations. 

 

R2 and CV-RMSE have been used as the important parameters in determining the 

goodness of fitting. According to Reddy et al., [42]; CV-RMSE of less than 5% are 

considered excellent models; those less than 10% are considered good models; those 

less than 20% are taken to be mediocre models and those greater than 20% are 

considered to be poor models. In this thesis, the values of R2, CV-RMSE, Mean 

Squared Error, (MSE) and % error follow the criteria pointed out by Reddy et al., 
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[42]; as it applies to the whole building energy consumption analysis, and it may also 

be considered to become rigorous than normal industry models. 

 

3.2 Errors and Bias of Baseline Model 

 

It is very important to analyse the errors and bias accompanying the designed 

baseline model. There are different types of errors including sampling error. In 

ASHARE, [39]; sampling error is referred as the errors resulting from the fact that a 

sample of units was observed rather than observing the entire set of units. Thus, no 

sampling errors need to be considered in this study as all the samples are used with 

the entire unit. However, other sources of uncertainty within the model have been 

explored in Reddy et al., [43]; and it is categories under the regression model error. 

 

1) Model misspecification error: This is due to approximation of the true driving 

function of the response variable. This error is caused by, (a) the inclusion of 

irrelevant regression variables or non-inclusion of important regression variables (b) 

the assumption of a linear relationship, when the physical equations suggest 

nonlinear interaction among the regression variables, and (c) the incorrect order of 

the model, i.e. either a lower order or a higher order model than that suggested by the 

physical equations. 

 

(2) Model extrapolation error: This error arises when the prediction is carried outside 

the domain of the original data. Models are identified from short datasets, which do 

not satisfactorily represent the annual behaviour of the system and thus this will lead 

to an error. Moreover, prediction of long-term building loads from short-term in-situ 

tests will also cause this type of error. 

 

(3) Model prediction errors: This error arises because a model is never “perfect”. 

There is certain amount of the observed variance in the response variable, which is 

unexplained by the model. This variance introduces an uncertainty in prediction and 

hence R2 will never be 1.0. This uncertainty may occur even when the “exact” 

functional form of the regression model is known. 
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3.3 Normalized Energy Use 

 

The baseline model is used to correct the changes in energy usage due to changes in 

weather data on a yearly, monthly and daily basis. However, fluctuations in the 

conditioned area and the population need to be considered equally and the 

adjustments can be made to remove such effects; thereby giving an accurate estimate 

of the energy efficiency measures. Fels and Keating et al., [41]; assumed a 

proportional relationship between energy use and changes in the conditioned area. 

Hence, normalized area-change energy use is equated as merely the annual mean 

monthly energy use divided by the conditioned area for that particular year. 

Moreover, modelling with population-varied energy use is really challenging and has 

seen continued researches in this area. Here, it is assumed that normalizing energy 

use by conditioned area would be sufficient to normalize energy use for population 

change; if it is speculated that population could be related to conditioned area, [42]. 

 

3.4 Percentage Changes Based on Annul Energy Use 

 

According to Reddy et al., [42]; the equation for percentage change between actual 

energy use and projected energy use is given below, (3.2): 

 

𝛥𝐸(%) =
Ē𝑚𝑒𝑠𝑢𝑟𝑒𝑑−Ē𝑝𝑟𝑜𝑗𝑒𝑐𝑡𝑒𝑑

Ē𝑝𝑟𝑜𝑗𝑒𝑐𝑡𝑒𝑑
              (3.2) 

 

Where, Emeasured  is the annual-based mean monthly energy use determined by simply 

averaging 12 months utility bills for a certain year. Ebaselineprojected is the annual energy 

use predicted by the baseline model using corresponding weather data for the 

mentioned year. The direct deviation between actual (Y) and predicted (Ŷ) energy 

consumption, which is also called percentage error (% error), is defined simply as 

follows in the equation below (3.3). 

 

% 𝑒𝑟𝑟𝑜𝑟 =
𝑌−�̂�

𝑌
∗ 100                  (3.3) 
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3.5 Possibilities of Utility Bill Reading Dates 

 

As the building owners in Sri Lanka do not provide detailed information on utility 

bill reading dates, it is very important to consider the uncertainty in the bill reading 

dates in the process of model development. Moreover, every building may have its 

own policy of recording electricity use and hence it is more challenging to verify the 

specific utility reading period. Reddy et al., [42]; showed two possibilities in 

recording building energy use. 

 

1. The utility bill period corresponds to the weather data period. It means that the 

utility bill reading dates are the same as weather data dates. 

 

2. The utility bill period is 15 days later than the weather data period. Therefore, it is 

decided to take the average value of the temperature of the present month and that of 

the previous month and associate those values to the particular utility bill. If the 

model turns out to be substantially better than the previous case 1, mentioned above; 

this would imply that the utility bill was read around the middle than against the 

beginning of the month. 

 

For the baseline model, all these possibilities are performed and finally the one, with 

the best-fit regression, is selected. 

 

3.6 Primary Modeling of Whole Building Energy Consumption 

 

The energy consumption of a building is a complex function with climatic conditions 

which include dry-bulb and dew-point temperatures, building characteristics 

containing loss coefficients and internal loads, building usage for commercial or 

residential, type of heating, ventilation and air conditioning equipment. Since some 

of these parameters are difficult to estimate accurately, they are impractical to be 

considered as model variables. According to the literature, the most important 

indicator for baseline building consumption is outdoor dry-bulb temperature with a 
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considerable effect from other weather factors like humidity for countries in tropical 

region. 

 

3.7 Selection of Weather Variables 

 

In addition to the temperature (T); relative humidity (RH) and solar radiation (SR) 

are chosen as two additional variables relevant to the local conditions. It is well 

known that the cooling energy consumption accounts the most in the whole 

commercial building energy consumption. When it comes to cooling load, the main 

affecting parameter for a building is weather. Therefore in order to improve the 

model performances the above-mentioned environmental factors were selected other 

than the temperature. Moreover, previous studies have shown that buildings can be 

physically modelled into two zones, exterior and interior, with adequate accuracies, 

[35]. 

 

3.7.1 Data collection 

 

In chapter 4, weather data profiles are presented including temperature (T), relative 

humidity (RH) and solar radiation (SR). Figure 4.2 shows the monthly average 

weather data from year 2010 to 2013. As SR is a huge number, it has been plotted as 

monthly value divided by ten. Figure 4.2 shows that there is no significant variation 

of weather details over the past four years. For example, the highest average 

temperature appeared in May 2000 was 29.4°C, while the lowest average 

temperature appeared in January 2000 was 26.5 °C. Hence, the overall difference of 

average temperature is only 2.9 °C. Similar situation observed in RH and SR data. 

 

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

carried for the building’s energy efficiency. The highest value, in terms of 

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

appears in Building B, which is 594 MWh/yr. 
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Moreover, seasonal variation of energy usage is monitored and the results show 

similar variation of energy consumption over the four-year period. The figures 3.1 to 

3.4 show the seasonal variation of energy data of the selected four buildings.  

 

 

 

Figure 3.1: Seasonal variation of energy for the Townhall Branch from 2010 – 2014 

 

 

 

Figure 3.2: Seasonal variation of energy for the Pettah Branch from 2010 - 2014 
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Figure 3.3: Seasonal variation of energy for the Bambalapitiya Branch from 2010 – 

2014 

 

 

 

Figure 3.4: Seasonal variation of energy for the City Branch from 2010 - 2014 
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Therefore, four buildings, named mainly on the building’s location; Townhall, 

Pettah, Bambalapitiya, City in Sri Lanka were labelled as A, B C and D and are taken 

as case studies for further research. 

 

3.7.2 Discussion 

 

The effect of independent variables for these buildings may be different due to 

different reasons. Physical surrounding (location and height of building have an 

important effect on solar radiation gains and heat gains) of the building is totally 

different though they have selected within the same area. Furthermore, different 

buildings have different shapes, materials and orientation; which also causes 

different OTTV (overall thermal transmit value). Overall, these arrangements 

significantly affect the total load consumption of HVAC systems. 

 

In conclusion, regression model based on utility bills and weather data are enough 

for establishing baseline model for the usage of building energy on a monthly & 

daily basis. However, due to the minor monthly changes in building energy 

consumption based on the seasonal change in tropical area; a more accurate baseline 

model may be expected for daily or hourly basis. 

 


