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Analysis: Objective 1

To reduce energy consumption of buildings,  understand-
ing patterns in this energy use is paramount. School cam-
puses are especially interesting to solve these energy 
issues as they act as microgrids. To �t a new building with 
renewable systems, it is important to predict the future 
energy use based on design parameters to match genera-
tion with the load, so this model uses square footage, 
energy consumption, natural gas usage for electricity pro-
duction, peak demand, demand charges etc. to predict 
the energy consumption by regression. 
For existing buildings, the goal is to retro�t with the opti-
mal mix of technologies to gain the best value for money. 
Here, the model uses inputs such as budget, average tem-
perature, energy consumption, savings obtained, invest-
ment for the project etc. to classify the retro�t that pro-
vides the best bang for buck. A bill by the CEC provided 
open source consisting of energy use for over 14,000 
schools in California to fund clean energy projects. 
Based on these regression and class�cation model results, 
the analysis helps in determining whether a new school 
building construction or �tting the existing building with 
retro�ts would provide the maximum savings.

Dataset
The data set is composed of several features per school 
organized by row, including building area, annual energy 
use etc. organized by column. Additionally, for each 
school the data provides retro�ts that the school imple-
mented, often more than one per school with the result-
ing energy savings to investment ratio (SIR) per retro�t, 
the metric by which to gauge the success of a retro�t. To 
enrich the data set further, a GIS analysis was performed 
to obtain climate and demographic information for each 
school to model the climatic impact on energy use.

Analysis: Objective 1
To train the model, 80% of the data was chosen 
at random, leaving 20% for testing.  Cross vali-
dation was done for selecting the optimum pa-
rameters for the models.
 
1. Polynomial Regression
Firstly, a polynomial regression model was run 
for predicting the annual energy consumption 
based on the features provided in the dataset. 
The cross validation results (in Fig.1) showed 
that the quadratic model would be e�cient in 
predicting as it has the lowest RMSE. The results 
for the regression model are plotted in Fig.2 
below.

2. Support Vector Machine (SVM) Regression
Based on SVM regression, we found the best pa-
rameters for the model based on 10 fold cross 
validation. The results for cross validation and 
the predicted values are shown below.

Fig.1: Cross validation results Fig.2: Polynomial regression results

3. Arti�cial Neural Network model
ANN gives the best re-
sults for the regression 
model. The model had 
a RMSE of 1.4%. The 
results are shown.
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The results of the analysis for both the objectives are 
listed below:
 - Objective 1:

 -Objective 2:

While lighting dominates the data set, the model rec-
ommends an even larger percentage of lighting retro-
�ts. This makes sense as LED lighting technology has 
become so e�cient that it makes signi�cant economic 
sense especially for those regions without signi�cant 
HVAC loads. 
As per the analysis, the neural network was much 
more e�cient in prediction and classi�cation for both 
the objectives.
So based on the given design features in the dataset, 
the analysis will allow a school o�cial to predict the 
energy consumption if a new building is to be built or 
the best retro�ts that lead to largest savings per in-
vestment if they were to remodel the existing campus. 

Softmax Regression
Given that there are numerous classes of data, classi-
�cation using a softmax regression model based on 
a multinomial distribution is logical method for anal-
ysis. There are nine classes of retro�t options in the 
dataset. The Softmax model was run with the fea-
tures outlined in the dataset table. Ultimately, the 
feature of cost of retro�t proved to be most import-
ant as expected. Principal Component Analysis (PCA) 
was also performed which showed that retro�t cost 
along with household income of the neighborhood 
was also important. The results of the softmax re-
gression model are shown in the plot below which 
outlines the training and test error of the classi�ca-
tion.  

Arti�cial Neural Network (ANN)
ANN was used for classi�cation of retro�ts based on SIR and 
annual energy use values. This model is a 3-layer ANN with the 
hidden units represented by neurons and their corresponding 
functions and interconnection weights. ANN is de�ned by three 
types of parameters:
- Interconnection pattern between the di�erent layers of neurons.
- Learning process for updating the weights of interconnections.
- Activation function that converts a neuron’s input to its output 
activation.  
The �owchart shows the working of ANN algorithm. The plot 
below shows the results of the classi�cation of the nine retro�ts.

These models can also be extrapolated beyond California 
to predict for other areas of the country. Given California’s 
relatively mild climate, there may be a more signi�cant 
link between weather and energy use for the rest of the 
US. 

Other algorithms can also be tested including falling rule 
lists and decision trees, which have been demonstrated in 
the literature for step-wise installation of retro�ts (Marasco 
et al, 2016). 
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