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ABSTRACT 

The building sector, the largest consumer of the United 

States primary energy, has been seeking to take 

necessary actions to reduce energy use of buildings 

while keeping them functional and comfortable. As a 

result, building designers are increasingly expected to 

improve the energy performance and reduce the carbon 

footprint of their building models in the design  process. 

Higher energy savings opportunities are available 

during early stages of design; however, energy 

performance assessments are typically done during the 

later phases due to the lack of the  easy-to-use and 

efficient tools that could help architects explore design 

alternatives. In this paper, we introduce a new Form-

based Energy Performance Regression Model 

(FEPRM) that is capable of real time quantification of 

the building energy performance based on the form 

variation in a building information modeling (BIM) 

tool. FEPRM generates a set of models and simulations 

based on the project specifiations and provides a 

seamless energy performance feedback to the designer 

for decision making during the conceptual design 

process using a regression-based model. In this paper, 

we investigated the use of FEPRM on 3 different cases 

with different AHSRAE climate zones to demonstrate 

the usefulness of the proposed method. The comparison 

between actual simulation and predicted energy 

performance is provided to study the accuracy of the 

FEPRM; moreover, a set of extended test cases are also 

described.   

INTRODUCTION 

The building sector is the largest consumer of the 

United States primary energy and accounted for 40% of 

carbon dioxide emission in the country (US Dept. of 

Energy, 2012). The increase in the global 

environmental concerns has had significant impacts on 

the buildings’ design process. Building professionals 

are increasingly expected to improve the energy 

performance and reduce carbon footprint of their design 

(Rahmani Asl et al., 2015). Higher energy savings 

opportunities are available during early stages of 

design; however, designers often respond to contractual 

arrangements by performing energy assessment toward 

the end of the design phase (Hygh et al., 2012).  

A principal goal of the early design is the generation of 

promising forms and concepts, which will be further 

developed, studied, and revised in the embodiment and 

detailed design phase (Okudan and Tauhid, 2008). In 

this incremental creating and revising process, the 

proper solution is achieved in a design loop (Rezaee et 

al., 2014). Consequently, building design community 

requires practical tools to perform quick and seamless 

assessment of building energy performance during the 

conceptual design phase (Gharably et al., 2015).  

Building energy simulation tools can accurately predict 

energy performance of building, however, their results 

are not instantly available in the design platform during 

the early design stages when designers need quick 

feedback to make proper design decisions (Rahmani 

Asl et al., 2014). As a result, design practitioners 

typically create and explore design options in the 

absence of performance analysis results and only study 

the energy efficiency of a very limited set of design 

alternatives before choosing the final design option, 

which leads to underperforming buildings. Most design 

decisions that greatly influence building energy 

performance are frequently made in the absence of 

model-based energy estimates and energy performance 

assessments are typically done during the later phases 

of design when much of the design that affects building 

energy load is already fixed. In order to address this 

issue, the AIA Energy Modeling Working Group 

(2012) study calls for improved user interfaces for 

complex building energy simulation tools and also 

simplified simulation methods that are easy to use and 

appropriately responsive to key early design variables 

in a timely manner. 

In this paper, we present a new Form-based Energy 

Performance Regression Model (FEPRM) to quickly 
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quantify building energy performance in a building 

information modeling (BIM) tool. The proposed tool 

provides quick energy performance feedback to the 

designer during the design process using a regression-

based building energy model. FEPRM creates three 

regression models by generating various building forms 

and chooses the best model with the lowest prediction 

error. The generated forms are created based on project 

specifications provided by the designer via a very 

simple user interface (UI) at the very beginning of the 

project. The proposed tool uses project information to 

create an appropriated data set of randomly generated 

building forms and building energy models. The energy 

analytical models (EAM) are simulated using a cloud-

based whole building energy simulation tool. This is a 

one time process for each project and may take between 

1 to 3 minutes time based on the size of the project. The 

completed data set is then used to create a very accuate 

and specific regression model for this project that can 

provide real-time feedback to designers as they modify 

building form in the conceptual design phase. 

Therefore, the designer can be aware of the energy 

perforamnce impact of the changes he/she makes to the 

model in the conceptual phase. This paper provides the 

detailed methods that are used to develop FEPRM and 

the validation results of the regression model using 3 

case studies in different ASHRAE climate zones.  

DEVELOPMENT PROCESS  

FEPRM is developed as an add-in for a BIM authoring 

tool; it collects project information related to building 

energy simulation (i.e. project location and conceptual 

construction properties) from BIM database using an 

Application Programming Interface (API). FEPRM has 

a very simple user interface (Figure 1) that gets the 

project site dimension, target floor area, and maximum 

number of floors from the user to generate the random 

form data set. The current version of this tool is limited 

to rectangular shape project sites. The user can input the 

number of randomly generated forms in the data set for 

regression model (the default is set to 500). The project 

location and the appropriate weather station should be 

provided by the user. More information such as 

conceptual construction properties, window to wall 

ratio, etc. can be modified before the form generation 

process as well. 

The generate button, uses a simple innovative algorithm 

and generates a set of random geometry that satisfy 

project requirements. The generated forms vary in their 

level height (non-constant floor-to-floor height), 

number of levels, and floor plan per level. This 

algorithm only creates convex geometry per level, 

however, overall building form may not come out 

convex since floor plans are different in each floor. 

Figure 2 demonstrates a sample group of generated 

forms based on building site dimensions, expected floor 

area, and maximum number of floors provided in the 

UI. 

 

 

Figure 1 FEPRM user interface that collects project 

information from user 
 

 

  

Figure 2 A sample set of generated forms 
 

After generating each form, FEPRM creates EAMs and 

uploads them in gbXML file format to a web-based 

energy simulation service with DOE2.2 as the 

background engine. The models are simulated in 

parallel on the cloud and the results are collected after 

all simulations are completed. This process takes less 

than an hour for a medium size building and 500 

generations. The bottleneck for this workflow is 

generating forms and exporting its EAM model from 

Revit, which can be improved with code optimization 

in the future. The energy simulation time is short (less 

than 5 minutes for 500 simulations). After the 

completion of the simulations, the regression models 

are created. Weka v3.6 is used in this study for training, 

testing and constructing regression models. Weka is a 

well-known machine learning library based on Java. It 

supports data pre-processing, classification, regression, 

clustering and visualization (Hall et.al, 2009). Using the 

regression model, the designer can have a seamless and 

instant feedback on the energy performance of the 

model, while modifying the building form.  

© 2016 ASHRAE (www.ashrae.org). For personal use only. Additional reproduction, distribution, 
or transmission in either print or digital form is not permitted without ASHRAE's prior written permission.

358



   

 

Regression Model Development 

Existing building design form parameters were 

identified based on their architectural relevance and 

their potential impact on building energy use. In this 

research, we added a set of new form-based parameters 

that were not studied in the previous research studies 

focused on regression-based building energy 

performance prediction (i.e. Gharably et al. (2015) and 

Hygh et al. (2012)). In this study, we considered 

building wall, window area by direction and roof and 

floor area. Furthermore, we considered corss-terms 

parameters that considers wall, window, roof, floor area 

with their level height in the building as potential 

variables. The list of parameters used to predict the 

building energy performance is provided in Table 1. 

The regression models in this research use 22 form 

related design parameters as well as an additional set of 

21 cross-terms derived from the design parameters. In 

addtion, we gathered higher directional resolution for 

walls and windows direction to increase the accuracy of 

the regression models. Since this study focus on the 

relation between building form and energy 

performance, the building systems are assumed to be 

identical for all the cases in the same climate. 
 

Table 1 Building parameters and derived cross-terms 

included in regression model for FEPRM  
 

NUM. PARAMETER  

1 Total Wall Area 

2 Wall area per direction (N, NE, E, SE, S, SW, 

W, NW)  

3 Total window area 

4 Window area per direction (N, NE, E, SE, S, 

SW, W, NW) 

5 Total roof area 

6 Total raised floor area 

7 Total interior floor area 

8 Total slab on grade floor area 

9 Total wall area × wall level height 

10 Wall area × wall level height per direction (N, 

NE, E, SE, S, SW, W, NW) 

11 Total window area × window level height 

12 Window area × window level height per 

direction (N, NE, E, SE, S, SW, W, NW) 

13 Total roof area × roof level height 

14 Total raised floor area × raised floor level height 

15 Total interior floor area × interior floor level 

height 
 

FEPRM uses 3 regression models and chooses the best 

fit with the lowest presiction error in predicting 

building energy use for user project. In the following, 

we provided a brief description of these regression 

models and their specific settings that are used in 

FEPRM.  

Linear Regression 

Linear regression (LR) is a commonly used method 

where energy performance is estimated by building 

characteristics. The Mathematical representation of LR 

is shown in Equation 1. In this equation, 𝑦𝑖  is the output 

vector, and 𝑥 standards for input vector.  𝛽 and 𝜀 

denotes constant and bias respectively The selection of 

LR model is performed through a greedy search using 

Akaike-based criterion (AIC) as shown in Equation 2 

(Hall et.al, 2009). In this equation, I represents the 

number of instances considered in regression model and 

k is the number of attributes. 
 

𝑦𝑖 =  𝑥𝑇𝛽 +  𝜀𝑖     (1) 
 

𝐴𝐼𝐶 = (𝐼 − 𝑘) +  2𝑘    (2) 
 

Support Vector Machine for Regression 

Support vector machine (SVM) is one of the popular 

supervised machine learning algorithms that are often 

used in building field (Dong, Cao, and Lee 2005). 

Polynomial function with degree of 3 was used as the 

kernel for this study. The algorithm constructs a set of 

hyperplanes in high dimensional space to separate 

training data into different classes with functional 

margin, which offers high generalization. Consider a set 

of training points, {(𝑥1, 𝑧1), … , (𝑥𝑖 , 𝑧𝑖))} where 𝑥𝑖 ∈ 𝑅𝑛  

is a feature vector and 𝑧𝑖 ∈ 𝑅1 is the target output. 

Under given parameters 𝐶 > 0 and 𝜖 > 0 (Chang and 

Lin 2011), 𝜖-SVR can be formulated as:  
 

         min
𝜔,𝑏,𝜉,𝜉∗

             
1

2
𝜔𝑇𝜔 + 𝐶 ∑ ξ𝑖 

𝑙
𝑖=1 + 𝐶 ∑ ξ𝑖

∗𝑙

𝑖=1
 (3) 

𝑆𝑢𝑏𝑗𝑒𝑐𝑡 𝑡𝑜             𝜔𝑇 𝜑(𝑥𝑖) + 𝑏 − 𝑧𝑖 ≤∈ +ξ𝑖 , 

                                  𝑧𝑖 − 𝜔𝑇 𝜑(𝑥𝑖) − 𝑏 ≤∈ +ξ𝑖
∗, 

                                  ξ𝑖 ξ𝑖
∗ ≥ 0, 𝑖 = 1, … , 𝑙. 

 

The formation of equation 3 represents Lagrange 

Multiplier. In this equation, ω denotes the support 

vectors, which are the input vectors that lie on the 

boundary of margins. ξ_(i )is slack variable that 

controls the sensitivity of the algorithm to outliers and 

lastly, the ∈ provides a soft margin which alters hard 

constraints in this optimization to ranges. 

Artificial Neural Network  

Artificial Neural Network (ANN) can be viewed as a 

logistic regression where the input data is transformed 

into linearly separated in a space through intermediate 

layers. The intermediate layers are called the hidden 

layers, which have nonlinear activation functions such 
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as Tanh or Sigmoid functions. In this study, 

backpropagation (BP) algorithm was used as model 

training algorithm to determine the gradient and 

sigmoid function was used as the activation function at 

each node. Hyper-parameters include the learning rate, 

momentum rate, number of epoch and hidden layers are 

listed in Table 2. The math formation of MLP at each 

node can be viewed as (Delashmit and Manry, 2005): 
 

𝑃(𝑗) = ∑ 𝑊ℎ𝑖(j, k) × 𝑥𝑝(𝑘)             1 ≤ 𝑗 ≤ 𝑁ℎ
𝑁+1

𝐾=1
 (4) 

 

With 
 

𝑂𝑝(𝑗) =  𝑓(𝑃(𝑗))     (5) 

𝑓(𝑃(𝑗)) =  
1

1+𝑒−𝑃(𝑗)    (6) 
 

Where N input represents by the index 𝑘, and 𝑤ℎ𝑖  (𝑗, 𝑘) 

denotes the weights connecting the k
th

 input and j
th
 

hidden layer. 𝑓(𝑃(𝑗)) is the sigmoid function used in 

ANN. 
 

Table 2 ANN Hyper-Parameter Settings 
 

HYPER-PARAMETER VALUE 

Learning rate 0.3 

Momentum 0.2 

Number of Epochs 2000 

Number of Hidden Layer 3 

Number of Nodes at Each 

Hidden Layer 

(Attributes + Classes) / 2 

 

In this research, we used Weka Machine Learning 

package (Hall et al., 2009) for regression modeling. The 

LR and ANN algorithms are taken from Weka package. 

SVM algorithm is based on a well-known package 

called LibSVM (Chang and Lin, 2011). Weka has a 

wrapper class that refer to the LibSVM code.  

Cross Validation 

Model selection is performed through k-fold cross 

validation method according to their prediction errors.  

The prediction error is a function of the differences 

between the actual and the predicted output values 

(Equation 7). It is typically being used as the accuracy 

metric for evaluating regression model’s generalization 

property, which prevents the model from under-fitting 

and over-fitting issues. 
 

𝑃𝐸 = 𝑓[𝑑(𝑦𝑖 , �̂�(𝑥𝑖)]    (7) 
 

For regression models, metrics such as sum squared 

error (SSE), mean squared error (MSE), and root mean 

squared error (RMSE) are the popular accuracy metrics. 

Since the main purpose of FEPRM is to accurately 

predict energy performance, we report RMSE as the 

prediction error. RMSE formula can be found in 

Equation 8. 
 

𝑅𝑀𝑆𝐸 = √
1

𝑁
∑ (𝑦�̂� − 𝑦𝑖)2𝑁

𝑖=1     (8) 

 

In this study, 10-fold cross validation method was 

implemented. The process of this method is 

demonstrated in Figure 3.  

 

 

Figure 3 10-fold cross validation procedure 
 

FEPRM takes the following steps:  

a) Rearrange the index of the instance in a random 

order and split these randomized data into 10 

equally sized partitions.  

b) Perform 10 iterations of the evaluations. At each 

iteration, the method leaves one partition out as 

testing case and uses the rest of the data to train the 

regression model.  

c) Accumulate the calculated prediction errors as the 

accuracy metric for the regression model with this 

dataset. 

In model selection process, the 10-fold cross validation 

method was performed on LR, SVM, and ANN models. 

The model with smallest calculated accuracy metric 

was selected and used for building energy performance 

prediction. 

DISCUSSION 

FEPRM is systematically tested usig 3 case studies in 

different ASHRAE climate zones: Miami, FL (Zone 

1A); Chicago, IL (5A); and San Francisco, CA (3C). 

These locations are selected to make sure that the 

proposed method could properly work for cold, 

moderate, and hot climate zones. For all of these cases, 

the user input was similar to what is shown in Figure 1. 

The building type for all the 3 cases are set to be office 

buildings.  

For each case, 500 mass geometry models with 

different forms are generated. These forms are saved in 

a folder in case the designer wanted to go over them. 

These randomly generated mass models can be usedas 
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the base model to be modified by the designer. FEPRM 

parses the exported gbXML file of the EAM to get the 

building parameter values included inthe regression 

models provided in Table 1.  The energy simulation 

results are gathered and added to the building parameter 

values. This information would be used by LR, ANN, 

and SVM to create the regression models.  

Results 

All of the 43 parameters are picked up with the 3 

regression models. FERPM automatically does cross 

validation and finds the RMSE prediction error to 

choose the best of the 3 regression models for the 

project.  

Figure 4 shows the comparison of simulated energy use 

intensity (EUI) and predicted EUI using the regression 

models for the 500 generated models for Miami, FL. In 

this image, the Y-axis is the simulation results for the 

model and the X-axis represents the predicted EUI by 

the regression models. As it can be observed in this 

figure, the SVM regression model predicts the energy 

performance for this project more accurately than LR 

and ANN. Based on this figure, LR shows a better 

performance than ANN in predicting EUI. Overall, the 

EUI range for most of the models range between 60 and 

80, but ANN predicts EUI between 50 and 60 for some 

of the models. This interpretation can be verified by the 

RMSE error values shown in Table 3. 

 

 

Figure 4 LR, ANN, and SVM regression model results 

comparison with simulation results for Miami, FL 
 

Figure 5 shows the comparison of simulated and 

predicted EUI using the regression models for Chicago, 

IL. As it can be observed from this figure, both SVM 

and ANN regression models have good predictions for 

the energy performance of this project. However, LR 

could not merge and have valid prediction in this case. 

The same conclusion can be achieved from the RMSE 

error values in Table 3. By comparing figure 4 and 5, it 

can be seen that the generated building models in 

average use more energy in Chicago than Miami. Also 

the range of energy use in Chicago is wider than 

Miami.  

 

 

Figure 5 LR, ANN, and SVM regression model results 

comparison with simulation results for Chicago, IL 
 

Figure 6 demonstrates the comparison of simulated and 

predicted EUI using the regression models for the 500 

generated forms for San Francisco, CA. As it can be 

seen from this figure, all of the three regression models 

(LR, ANN, SVM) provide acceptable prediction of the 

building energy performance for this project. As it can 

be seen from Table 3, the RMSE error values for the 

three regression models are very close, but SVM has 

the lowest error in predicting the EUI. Moreover, by 

comparing Figures 4, 5, and 6, it can be seen that 

buildings use less energy in San Francisco due to its 

moderate weather compared to Miami and Chicago.  
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Figure 6 LR, ANN, and SVM regression model results 

comparison with simulation results for Chicago, IL 
 

Table 3 compares the RMSE error values in predicting 

the EUI for all the 3 cases and regression models. 

Overall, it can be seen that SVM has the best prediction 

in all 3 cases in different climate zones. However, it 

requires more in-depth studies to make the conclusion 

of only using SVM regression model.  
 

Table 3 RMSE calculation 
 

CLIMATE LR SVM ANN 

Miami, FL 1.16 0.48 3.45 

Chicago, IL 7.22 1.17 1.68 

San Francisco, CA 1.18 1.09 1.37 
 

Extended Testing with Manually Created Forms 

The extended testing idea was learned from Gharably et 

al. (2015) research on testing the LRBEM+. We found 

this method useful and appropriate for presented 

method in this paper (FEPRM). The extended testing 

was conducted to assess the performance of FEPRM 

using 5 manually created building forms. These cases 

are shown in Figure 7. All of the cases that are tested 

here have non-constant floor-to-floor height. The total 

floor area is the same as the area required by the project 

studied in the previous section. Cases (a) is a simple 

box and it is tested as a very basic model that a designer 

may start the design process with. Case (b) and (c) are 

buildings with non-rectangular corners to test if 

generated regression models could accurately track 

building surface directions and their impact on energy 

performance. Although, FEPRM is limited to convex 

building floor plan generation, we were interested to 

see if the regression models could accurately predic the 

energy performance of non-convex building floor plans. 

Case (d) includes courtyard and tests the effect of self-

shading. Case (e) is a complex form that combines all 

of the limiting cases into single form and it is used to 

test the accuracy of FEPRM energy prediction of 

complex forms. 

 

 

Figure 7. Five cases, each with a single form attribute. 

Cases (a) is a simple box. Case (b) and (c) are 

buildings with non-rectangular corners. Case (d) 

includes courtyard and tests the effect of self shading. 

Case (e) is a complex form that cobines all of the 

limmiting cases into single form.  
 

Table 4 shows the relative error (%) between FEPRM 

EUI prediction and actual energy simulation results of 

five cases for extended testing. SVM regression model 

is used to predict the energy performance in all of the 

15 cases as SVM was the most accurate model for these 

projects. The relative errors are generally below 

5%across cases a, b, c, and e. For case d, which 

includes courtyard, the observed errors are higher for 

Chicago and San Francisco. This indicates that there is 

a need for a form generation algorithm that creates non-

convex floor plans and floor plans with courtyard to 

enable the model to predict the more complex forms. 

Case e has a building geometry that combines all the 

complexities of the other test cases except courtyard. 

FEPRM was able to predict the energy performance of 

case e for all the 3 locations with relative errors less 

than 4%. This indicates that FEPRM is able to predict 

energy performance of complex forms. However, it 

seems that FEPRM needs to be improved to be able to 

predict the energy performance of building forms with 

courtyard. 
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Table 4 The relative error (%) between FEPRM 

prediction and actual energy simulation of five cases 

for extended testing  
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U

I 
 

D
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F
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R
E
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R
E

L
A

T
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E
 

E
R

R
O

R
*

 

Miami, FL 

Case (a) 62.2 64.8 -2.60 -4% 

Case (b) 64.4 69.2 -4.85 -7% 

Case (c) 65.3 65.7 -0.46 -1% 

Case (d) 65.9 65.5 0.37  1 % 

Case (e) 63.6 66.2 -2.61 -4% 

Chicago, IL 

Case (a) 82.7 83.4 -0.71 -1% 

Case (b) 86.9 87.1 -0.19 0% 

Case (c) 83.0 86.6 -3.55 -4% 

Case (d) 93.0 85.5 7.51 9% 

Case (e) 79.9 77.7 2.16 3% 

San Francisco, 

CA 

Case (a) 51.1 53.1 1.99 4% 

Case (b) 51.8 53.6 1.77 3% 

Case (c) 58.6 56.0 2.63 5% 

Case (d) 54.72 51.0 3.68 7% 

Case (e) 49.1 49.7 0.59 1% 
* Relative Error (%) = (Predicted EUI-Simulated EUI) / Simulated EUI 
 

CONCLUSION 

The FEPRM application is proposed as a form-based 

regression model for predicting energy performance of 

building models using a BIM tool.  In order to study the 

usefulness FEPRM, three projects are studied on three 

different ASHRAE climate zones: Miami, FL (Zone 

1A); Chicago, IL (5A); and San Francisco, CA (3C). 

Moreover, a series of extended tests are performed on 5 

manually created forms for these 3 locations. The 

summarized features of FEPRM are provided in the 

following: 

1. FEPRM is a significant improvement in the 

methodology of using regression-based models in 

predicting building energy consumption based on 

geometry variation. FEPRM uses project 

specifications defined by designer to create a data 

set of building geometries as the basis for 

regression models. Creating the regression model 

based on a data set that is specific to a project, 

increases the accuracy of prediction of the 

regression model. FEPRM relative error percentage 

was reported to be less than 5% for all of the case 

studies other than building models with courtyard. 

Higher relative errors of the regression models are 

reported in all of the studies available in the 

literature. 

2. FEPRM provides instant energy usage feedback of 

the building model in a BIM interface. This enables 

the designer to modify the building geometry in the 

conceptual design phase and get instant feedback 

on the modification impact on energy performance 

of the model. 

3. Being specific to a project, FEPRM enables the 

designer to be focused on the building form 

analysis by fixing the other parameters that could 

impact the energy performance such as building 

construction properties. It should be noted that 

FEPRM on the top of BIM provides the option for 

the user to set these parameters for the project 

before generating the building forms.  

4. FEPRM uses more geometry related parameters to 

provide a more accurate representation of the 

building geometry. For instance, FEPRM uses the 

level height of walls and windows and their 

direction as building parameters in regression 

modeling.   

5. The current version of FEPRM only generates 

convex shape floor plans. In future studies, authors 

will develop an algorithm using existing methods 

such as Cellular Automata, Shape Grammer, etc. to 

generate non-convex floor plans. It is predicted that 

generating non-convex floor plans  will improve 

the FEPRM relative error for models with 

courtyard and more complex geometries.  

6. Since FEPRM uses project specifications for 

creating regression models, it does not need any 

large database for training the regression models 

for accurate results. As discussed in this paper, a 

data set of 500 models could result to very accurate 

regression models.   

In future studies, we will add non-convex floor plan 

generation to FEPRM. In addition, the form generation 

code will be optimized to reduce the wait time for the 

designer (the current FEPRM takes less than 1 hour to 

create 500 building forms). Furthermore, some 

visualization dashboards will be added to FEPRM to 

improve user interaction with the tool.    
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