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 An Integrated Building Energy Performance Evaluation 19 

Method: from Parametric Modeling to GA-NN Based Energy 20 

Consumption Prediction Modeling 21 

Abstract: Building energy performance evaluation, as an important process in a 22 

sustainable building design, has important consequences for global energy 23 

conservation and environmental protection. The traditional methods to perform this 24 

evaluation are usually time-consuming and computationally complex, and have high 25 

requirements for designers’ professional knowledge on architectural physics and 26 

software operation skills. To solve these problems and provide rapid, user-friendly, and 27 

more accurate prediction results, this study presents an efficient building energy 28 

performance evaluation method which integrates building information modeling, 29 

energy simulation, and energy consumption prediction together. This method follows a 30 

three-stage research framework: Stage 1 proposes a rapid 3D building energy modeling 31 

process according to the parameterized setting, Stage 2 generates numerous simulation 32 

results automatically by EnergyPlus, and Stage 3 develops the user-friendly building 33 

energy consumption prediction model with the help of the Genetic Algorithm-Neural 34 

Network (GA-NN) and provides the energy performance level of the building design 35 

after the prediction. A case study is carried out to present the overall process and verify 36 

the accuracy of the proposed three-stage building energy performance evaluation 37 

method. This study contributes to the improvement of both the extensive dataset 38 

establishment and the operational efficiency of building energy consumption prediction. 39 

It can provide designers with a real-time, user-friendly, and reliable building energy 40 

consumption prediction tool and an energy performance assessment basis in the design 41 

phase of construction projects. 42 

Keywords: building energy prediction; parametric modeling; building energy 43 

performance evaluation; automatic simulation; GA-NN   44 

  45 
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1 Introduction 46 

Driven by global population growth, economic expansion, and high-quality life pursuit, 47 

global energy consumption has risen rapidly during the past decades [1, 2]. However, 48 

this rapid energy consumption results in extensive Greenhouse Gases (GHGs) 49 

emissions, which in turn contributes to global warming and other environmental 50 

challenges or consequences. These major consequences have drawn much attention 51 

from different government agencies worldwide and motivated various industries to 52 

search for sustainable development. The building sectors, comprised of both residential 53 

and commercial buildings such as homes, offices, and stores, are the most densely 54 

populated places in most cities and usually accounted for about 40% of the global total 55 

energy consumption with 25% of the GHGs emissions [3]. As a result, it is regarded as 56 

the largest potential area for energy saving due to the related lower investment for the 57 

equivalent amount of carbon emission reduction [4]. 58 

The concept of energy-efficient building design was first proposed by the United 59 

Nations World Commission on Environment and Development (UNWCED) in the 60 

1980s [5], and it attracts constant attention as a critical process during the entire life 61 

cycle of buildings due to their low turnover rate [6]. The building energy efficiency is 62 

mainly determined in the design phase [7], which is considered as the best opportunity 63 

to improve energy performance in buildings. Building energy prediction techniques are 64 

the basis for successful building design considering energy efficiency, in which these 65 

prediction techniques are responsible for identifying the gaps between the design plans 66 

and the optimal goals. In spite of various research studies that aimed to continuously 67 

improve the current building energy prediction techniques, some drawbacks within the 68 

current research achievements on building energy prediction still exist, such as the 69 

delayed feedback of energy prediction result, overcomplicated operation process, and 70 

high demand of professional knowledge [8-10]. These problems are intensified in 71 

practical building designs and retrofitting processes. For example, the simulation 72 

computation time can last for several weeks and usually considers a limited number of 73 
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variables especially design variables related to various architectural appearances, 74 

which may impact the accuracy of the final results [11-13] when dealing with numerous 75 

design scenarios. Considering time requirements and accuracy considerations, the poor 76 

interoperability between design tools and energy analysis engines greatly expands [10, 77 

14-15]. Although these challenges can be solved by means of increasing design fees or 78 

adjusting project schedule, these measures make it difficult to achieve the ultimate 79 

project targets.  80 

This study aims to improve the currently used building energy performance prediction 81 

techniques to make it more user-friendly and efficient. Specifically, the proposed 82 

method has to achieve three objectives: 1) to reduce the requirements of input data 83 

volume and the operators’ level of expertise during energy prediction; 2) to make the 84 

prediction process more automatic and intelligent so as to save manpower and reduce 85 

errors; 3) to improve the calculation efficiency while ensuring prediction accuracy. 86 

For this goal, parametric modeling, considered as the critical step, is applied to reduce 87 

the computation time in the simulation process and to increase the sample size of the 88 

building energy database. Automatic simulation is implemented for the energy 89 

database establishment, and a Genetic Algorithm-Neural Network (GA-NN) model is 90 

used for nonlinear fitting. The entire study process underlines the practical significance 91 

by making the design parameters as the sole input for the energy performance modeling 92 

and the energy efficiency level as the system output. Particularly, the parameterized 93 

building energy modeling drives this study, in which it helps to overcome the heavy 94 

workload in the present “3D modeling-parameter assignment-energy simulation” 95 

procedure. The standardized parametric modeling offers the possibility of expanding 96 

the database via extensive simulations, and this expansion in database is the basic of the 97 

GA-NN model establishment. To sum up, the energy modeling, simulation, and 98 

assessment processes are integrated with a few manual interventions by means of this 99 

developed method. It greatly simplifies the designers’ works by the elaborate 100 

background operation and is able to provide a massive amount of essential data 101 

analysis. 102 
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2 Literature Review 103 

Building energy performance prediction is a crucial step in sustainable building 104 

design. By knowing the energy consumption of the building in advance, the designer 105 

can identify the drawbacks of the current building design and improve it during the 106 

design process, in order to maximize energy savings. Many efforts have been devoted 107 

to previous research studies to identify or establish new methods or techniques to 108 

predict building energy consumption prior to design completion. In general, all these 109 

methods or techniques can be classified into either physical modeling approaches or 110 

data-driven modeling approaches [16].  111 

The parametric method, as an important method in building energy-saving design, is 112 

basically a process of summarizing the information in design drawings and 3D 113 

information models [17]. By converting the building model into a number of digital 114 

parameters that can represent building performance, it is convenient to realize 115 

statistical-based calculations with the help of mathematical models; and therefore, can 116 

greatly improve the calculation efficiency [18]. Most of the physical modeling 117 

approaches that relying on thermodynamic rules employ building energy simulation 118 

software packages such as DOE-2, EnergyPlusTM, and TRNSYS to estimate the 119 

energy consumptions. However, the performance of these engines needs to be 120 

improved in terms of their practical application. The operations of most thermal 121 

simulation engines require designers to have multidisciplinary expertise. In addition, 122 

the long computation time and the resulting overdue feedback of energy prediction 123 

results cannot meet the requirements of building energy savings in the early design 124 

phase, which introduces obstacles in the construction phase of the project. The 125 

Resistance-Capacitance (RC) model is regarded as another simplified thermal 126 

calculation method, which expresses building physical properties and internal masses 127 

by means of a visual diagram. This diagram is applied to establish differential equations 128 

in order to predict building energy consumptions [19-21]. The RC model is introduced 129 

primarily to play a role from a micro perspective, such as describing detailed envelope, 130 

system, and room. Moreover, the necessary expert knowledge, time-consuming 131 
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parameter determination, and the resulting incremental investment are the main barriers 132 

in the practical application [19]. 133 

Some studies used parametric methods (also called surrogate models or meta-model 134 

methods) as the alternatives of dynamic simulation. They tried to build relationships 135 

between building parametric combinations and building energy consumption 136 

performance by mathematical formulas to generate the final predicted model [22]. 137 

These studies also extracted influential factors from digital parameters based on the 138 

established parametric methods. The parameter categories, such as the envelope 139 

material, building geometry, and building equipment, were involved in other relevant 140 

studies. For example, Eisenhower et al. [23] explored a support vector regression based 141 

meta-model in order to replace the time-consuming energy simulation engines, and 142 

only seven parameter inputs can acquire satisfying optimizing results on a small-scale 143 

problem. Ciulla et al. [24] explored the interactions among building energy demand, 144 

climate, and building architectural character in Europe. Based on cluster analysis and 145 

multiple regression, a broadly applicable prediction model was obtained with a good 146 

prediction effect. The model was adequate to reveal the general regulations but still 147 

comprised considerable errors for individual samples. Similarly, Zhou et al. [25] and 148 

Hygh et al. [26] succeeded to predict building energy consumption using multiple 149 

regression models. Geyer et al. [27] used the auto-generated dynamic polynomial 150 

method as a surrogate model to estimate the energy consumption with different 151 

building parameter combinations. Such a surrogate model was supposed to perform 152 

based on experimental data and to ensure the accuracy by a self-adaptive dynamic 153 

polynomial, which showed the applicable value for specific architectural designs. 154 

Nevertheless, only six architectural parameters were involved in the developed model, 155 

and the effects of other parameters were not clear. Moreover, Lasso regression [27], 156 

Gaussian process [28], and Principal component regression [29] are also commonly 157 

applied to surrogating models. In fact, the surrogate models express the architectural 158 

characteristics depending on the approximate calculation. Although these approaches 159 

are able to meet the basic requirements of the rough estimate for simple forms with a 160 
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few parameters, for those issues with numerous parameters, the expression forms of 161 

surrogate models are too complex to describe the reality.  162 

With the help of computer programming, data-driven approaches for building energy 163 

prediction are becoming more and more popular. As a widely adopted artificial 164 

intelligence technique, Artificial Neural Network (ANN) has been applied in building 165 

energy conservation since the 1990s [30]. Compared with the linear regression models, 166 

the ANN models in most cases acquire reliable results due to their nonlinear fitting 167 

capability [31]. Asadi et al. [32] used an ANN model to establish the correlations 168 

among building envelope parameters, the HVAC (Heating Ventilation Air Conditioning) 169 

or solar collector system type, and indicators for evaluating energy consumption and 170 

thermal comfort. Their results provided a decision basis for building renovation. 171 

Yalcintas [33] used the ANN to predict hourly building electricity consumption and 172 

obtained the fitting curves of electricity consumption in winter and transitional seasons. 173 

The predicted results showed a prior fitting effect than the measured ones. The Radial 174 

Basis Neural Network was applied in Ferreira et al. [34] to predict the Predicted Mean 175 

Vote (PMV) of a room. The authors then proposed a control strategy to reduce the delay 176 

of the air-conditioning system. The ANNs provide conditions for the energy efficiency 177 

evaluation of a wide range of multi-type buildings based on measured data or 178 

simulation results so that designers do not have to model buildings separately. Ascione 179 

et al. [11] established a Back-Propagation Neural Network (BPNN) model to predict 180 

the energy efficiency of numerous office buildings. The input parameters of the 181 

network fall into four categories: architectural geometry, building envelope, HVAC 182 

system, and operation. The comparative analysis demonstrates that the function of the 183 

ANN is equal to that of EnergyPlusTM. Motivated by the successful studies on small 184 

ranges of buildings with 10-16 input parameters, Edwards et al. [18] devoted to cover 185 

more types of buildings into the prediction with the help of the feedforward network, 186 

which enabled the input of 7-156 parameters to replace the simulation engines. 187 

Recently, Singaravel et al. [35] developed a deep learning prediction model and 188 

reported a significant efficiency improvement compared with energy simulation. 189 
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Meanwhile, a good data-space sampling is addressed for accurate prediction. The 190 

nonlinear fitting ability of the ANN ensures the accuracy of energy consumption 191 

prediction. However, the parametric model and the artificial intelligence method 192 

establish the data-driving models, whose extensibility is limited to the training data 193 

[19]. Two general data collection approaches of computer simulation (for extracting 194 

key energy influential factors and simulation results) and field survey (for extracting 195 

energy audit data and design scheme details) are not satisfied for establishing a 196 

highly-extensible building energy prediction model. In order to make the building 197 

energy performance prediction more efficient and flexible, and in order to make the 198 

operation more user-friendly, it is necessary to identify a method that can not only build 199 

up various building models easily but also provide sufficient building energy 200 

performance data for training.  201 

Shi et al. [36] identified three main obstacles that architects or researchers are facing 202 

within current achievements of building energy prediction research: (1) highly 203 

integrated automated systems are needed to replace independently applied techniques 204 

for improving efficiency and availability; (2) end-users of these developed techniques, 205 

such as building energy modeling and simulation (also referred by Hygh et al. [26]), 206 

mathematical modeling establishment, and computer programming are required to 207 

master technical details, which covers a multidisciplinary knowledge structure, but 208 

unfortunately the most concerned questions for designers, including program 209 

operation, overall capability, and user interface are neglected by developers in most 210 

cases; and (3) the building facade is confined to an oversimplified level, which means 211 

a few types of architectural appearances and form-related design variables are 212 

considered. In addition, the efficiency of a manual intervention simulation is also 213 

considered as a critical barrier [18, 27, 37], which leads to a heavy computational 214 

burden and high cost.  215 

3 Study Objectives 216 

This study aims to provide an integrated building energy prediction approach which 217 
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takes some design related parameters as input and can automatically calculate the 218 

prediction result in a short time, so that to improve the operation and efficiency of 219 

building energy predictions for both building renovation and new building design. To 220 

achieve this, several objectives have to be accomplished: 221 

 A database containing a large number of building design schemes and 222 

corresponding energy consumption data should be established for training, 223 

verifying and testing the ANN model. 224 

 An automatic building energy simulation model with multithread computation 225 

should be built to deal with a large number of simulation works as fast as 226 

possible. 227 

 An ANN based machine learning model which takes design parameters as input 228 

and provides accurate building energy consumption prediction and energy 229 

performance level as output should be constructed, optimized and verified for the 230 

participants in the actual projects to estimate the energy performance of building 231 

designs. 232 

4 Research Methodology 233 

The modeling process of this method is divided into three stages: (1) parameterized 234 

energy modeling, (2) automatic energy simulation, and (3) GA-NN based energy 235 

consumption prediction. A detailed description of these stages is presented in Fig. 1. 236 

In Stage 1, a standardized parametric modeling process is carried out to simplify and 237 

regulate the task of the 3D architectural modeling, which means to establish a 3D 238 

information model based on the parametric input only in a preset model framework. 239 

First, a model framework with architectural facade information is built with a 240 

traditional manual modeling approach. After regulating space allocation and element 241 

expression, a standardized model is developed as the basis for the new model. 242 

Subsequently, architectural descriptions, preset rules, and collected parameters are 243 

given to the standardized model. Finally, building information about architectural 244 
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facade types and thermal properties is presented in the “.idf” format. Stage 2 is 245 

responsible for the large-scale simulation calculation. In order to improve the 246 

computing efficiency, a C# program is developed to drive the EnergyPlusTM running 247 

without manual intervention. Meanwhile, the multithread programming and Web 248 

crawler technique are employed to improve the program running speed and data 249 

processing efficiency, respectively. In Stage 3, a GA-NN model is established as the 250 

energy consumption prediction engine. The key influential parameters are extracted 251 

from the parametric samples as the input of the GA-NN model. After training the ANN 252 

model with a proper network structure determined by experiments and optimal initial 253 

parameters through GA optimization, the model will not only realize real-time building 254 

energy prediction but also can evaluate the ratings of the building energy performance 255 

depending on the simulation results and Chinese national building codes.  256 
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...      ?

Hidden neuron determination
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Initial θ ω 

Optimal solution

ANN training

Application
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257 

Fig. 1 Framework of the Proposed Method 258 

4.1 Stage 1: Parameterized Energy Modeling 259 

Parameterized energy modeling is the first and the preliminary step, which enriches the 260 

modeling database as much as possible. The parameterized modeling is basically the 261 

development of a generic modeling (GM) approach through standardization. The 262 
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standardized model, also known as the reference building, is transformed from a 263 

building framework (a generic energy model). This process is carried out based on the 264 

principle of standardized element expression and the style of “building blocks”. The 265 

standardized element expression aims to provide a normative form to define building 266 

envelope and zone size for more input of modeling rules. The “thermal zone” is the 267 

basic unit of energy simulation in EnergyPlusTM. However, the thermal zone is not the 268 

only component of a building model. The boundary of a zone should match with 269 

building envelope construction. Therefore, a basic thermal zone model illustrated in Fig. 270 

2 is used to define the standardized expression of the zone boundary. The undersurface 271 

and top surface of the rectangular zone are defined as Floor and Ceiling, respectively. 272 

The other four side surfaces are defined as Walls 1-4 along the counterclockwise 273 

direction from the frontage. The length, width, and height of the zone are expressed by 274 

xk, yj, and zi; where, k=1, 2, … , K means the number of the zone on the x-axis, j=1, 275 

2, … , J means the number of the zone on the y-axis, and i=1, 2, … , I means the number 276 

of the zone on the z-axis. 277 

a b

cd

e f

gh

Wall 1

Ceiling 1

 278 
Fig.2 Basic Thermal Zone Model and Related Envelope Definition 279 

The “building blocks”, considering the entire architecture as stacked cubes, is intended 280 

to meet the requirements of various architectural appearances and flexible internal 281 

spatial separations. Since most building models are composed of several thermal zones, 282 

it is necessary to develop a zone numbering rule based on their spatial location. The 283 

numbering rule has a strong ability to capture objectives accurately and establishing 284 

related restrictions. Fig. 3 (a) and (b) show the rule of thermal zone numbering on the 285 

plan and the three-dimensions view. Specifically, Fig. 3 (b) illustrates the essence of the 286 

“building blocks” pattern. Thus, zone location can be denoted as Zone ijk, where i, j, k 287 

represent the zone number at z, y, and x axes, respectively. For example, Zone 312 288 
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refers to the 2nd area on the x-axis, the 1st area on the y-axis, and the 3rd floor on the 289 

z-axis.  290 

Zone 11

x

y

0 x1 x2 x3

y3

y2

y1 Zone 12 Zone 13

Zone 21

Zone 31

Zone 22

Zone 32

Zone 23

Zone 33

  x

y0 x1
x2

xK

yJ
y2

y1

zI

z2

z1

… …

z

…
 …

 291 

(a)                                                (b) 292 

Fig. 3 Rule of Thermal Zone Numbering on the Bottom Diagram and the Three 293 

Dimensions View 294 

The building facade in EnergyPlusTM is revealed depending on the point coordinates. In 295 

an individual thermal zone, the 3D position is determined by one uniform absolute 3D 296 

coordinate value and the relative coordinates x, y, z in the zone. Therefore, any zone can 297 

be parametrically described as shown in Table 1. The zone reference point is a in Fig. 2, 298 

which is responsible for providing the absolute coordinate value. On the other hand, the 299 

six surfaces are symbolled with ijk label. Using this approach, the windows and 300 

shadings can also be standardized through point coordinates. 301 

Table 1 Arbitrary Zone Position with Standardized Expression 302 

Zone Name Zone ijk 

Zone Reference Point 
 
 
 
  

j -1k -1 i-1

h u v

h=1 u=1 v=1

x , y , z   

Surface  

Relative  

Coordinate 

Wall 1 ijk (0, 0, zi), (0, 0, 0), (xk, 0, 0), (xk, 0, zi) 

Wall 2 ijk (xk, 0, zi), (xk, 0, 0), (xk, yj, 0), (xk, yj, zi) 

Wall 3 ijk (xk, yj, zi), (xk, yj, 0), (0, yj, 0), (0, yj, zi) 

Wall 4 ijk (0, yj, zi), (0, yj, 0), (0, 0, 0), (0, 0, zi) 

Floor 1 ijk (0, 0, 0), (xk, 0, 0), (xk, yj, 0), (0, yj, 0) 

Ceiling 1 ijk (0, 0, zi), (xk, 0, zi), (xk, yj, zi), (0, yj, zi) 

In view of different requirements and properties of building components such as 303 

exterior walls, interior walls, and roofs, it is essential to judge the surface 304 

characteristics based on the standardized surface expression. For all types of buildings, 305 
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the judgement criteria following the “If-Then” form is adopted. For example, for all of 306 

the Ceiling 1 ijk in an I-story building, if i=I, then the ceilings are defined as Roof 1 Ijk, 307 

which are considered as special ceilings exposed to sunlight and wind. For all of the 308 

Floor 1 ijk, if i=1, then the Floors are defined as Exterior Slab Carpet 1 1jk. Exterior 309 

and interior wall identifications depend on the Outside Boundary Condition Object 310 

(OBCO) in EnergyPlusTM. If the OBCO of Wall t ijk is existent within the adjacent 311 

zone, then it is described as Interior Wall in surface type. On the contrary, if the OBCO 312 

of Wall t ijk is blank, it is described as Exterior Wall in the surface type. In addition, 313 

differences between Exterior Wall and Interior Wall also reflect in window setting and 314 

surface exposure. With the help of these judgement criteria, the correct envelope 315 

relationship can be easily presented in the model by a few parameter inputs. 316 

Using the manual modeling method in the process above is inevitably error-prone, 317 

time-consuming, and labor-intensive [24], which make it difficult to meet the 318 

requirements of establishing comprehensive datasets. Therefore, Fig. 4 illustrates the 319 

process of automatically creating models with different properties. First, a reference 320 

building model (RBM) is a built-in Google SketchUp and preset in OpenStudio®. The 321 

facade dataset involves information of the building's appearance and size. The Boolean 322 

tensor A[i][j][k] =0/1 is applied to identify the existence of zones in the particular space. 323 

The zone size is represented by three vectors on the x, y, and z axes, respectively. Next, 324 

the rules are input to revise the RBM and establish the initial model. Subsequently, 325 

thermal property parameters are assigned into the initial model in different forms. For 326 

example, each component (wall, window, roof, etc.) is divided into a variety of layers, 327 

and each layer is supposed to be filled with one material. The system, schedule, 328 

operation pattern, and climate information are input in light of the predefined templates. 329 

Finally, an energy model can be developed in the “.idf” format. A large number of 330 

energy models generate with different facades and thermal properties after repeated 331 

program running. Specifically, the complexity level of the reference building 332 

determines to extend the ability to express various building facades. A complex floor 333 

plan can be represented with an enlarged number of parameter inputs. Thus, based on 334 
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the extensible thermal zone and building space construction rules, this modeling 335 

approach shows potentials in practical engineering projects. 336 

Reference building model

(RBM)

Facade dataset

Rule base

A[i][j][k] =0/1

X=(x1,x2,…,xK)

Y=(y1,y2,…,yJ)

Z=(z1,z2,…,zI)

IF ... THEN...

Component  2 Template...

Layer 1
Layer 2
Layer 3

Layer 1
Layer 2
Layer 3

Schedule
Climate

System

Initial model

Parameter assignment

Energy model

Operation

Component  1

337 
Fig.4 Process of Creating Energy Models 338 

4.2 Stage 2: Automatic Energy Simulation 339 

EnergyPlusTM, which is developed based on two widespread simulation tools called 340 

DOE-2 [38] and BLAST [39], is a free and open-source simulation engine in both 341 

academic and commercial usages [40]. It is considered as a representative of detailed 342 

and dynamic energy simulation programs, which account for over 40% of usage in the 343 

published core literature [36]. Due to the deletion of the user interface in EnergyPlusTM, 344 

the Google SketchUp and its plug-in OpenStudio® are commonly used as joint engines 345 

to provide building descriptions [41], in which Google SketchUp works as a sketch 346 

modeling tool and OpenStudio® provides a building with thermal properties. Different 347 

from the DOE-2 and BLAST which have input files with highly user-readability and 348 

structural features, the input file of EnergyPlusTM is designed to be easy to maintain and 349 

extend. Referring to the Industry Foundation Class (IFC) schema [42], EnergyPlusTM 350 

uses an object-based description approach to define building information interaction 351 

format. Its basic syntax adopts the format that shown as follows: 352 

object, data, data, data, data, …, data; 353 

The “object” represents the element that makes up the building and the “data” reveals 354 

the physical properties of the element. An example of “Material” is presented below to 355 

explain the input data syntax. 356 

Input format: Material, Name, Thickness, Conductivity, Density, Specific Heat, 357 

Roughness; 358 
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Input data: MATERIAL, Brick01, 0.240, 1.1, 1900, 1.05, Medium; 359 

This convenient expression approach makes the parameters in the input files easily 360 

captured through searching for specific locations. Therefore, visual energy models are 361 

substituted by parametrized models in this study. C# programming is applied to 362 

automatically drive the multithreaded EnergyPlusTM running. In this process, energy 363 

models in Fig. 4 are simulated with corresponding weather files step by step. The 364 

predicted results are selected and integrated by web crawlers. Ultimately, the key 365 

parameters and selected energy consumption indices are extracted to develop a 366 

parametric dataset for the following ANN prediction model.  367 

4.3 Stage 3: GA-NN Based Energy Consumption Prediction 368 

As an optimized ANN model, the GA-NN model is developed to achieve the goal of an 369 

efficient energy prediction of buildings in the early design phase. The ANN is a 370 

data-processing system that recognizes the relationship between inputs and outputs by 371 

learning a recorded data set [43]. The structure of a feed-forward multi-layer perceptron 372 

ANN is shown in Fig. 5. Neurons are regarded as the basic computational units. Each 373 

neuron receives input data from the previous ones connected by weighting links ω, then 374 

handles and combines them through a transfer function to generate output data sent to 375 

the following neurons [11]. This study applies the most common BPNN model in the 376 

process to predict the energy efficiency of buildings. Based on the 377 

Levenberg-Marquardt algorithm, errors in the output layer can be transmitted to the 378 

prior layer in turn. The weighting ω of each path and the threshold θ of each neuron are 379 

updated continuously according to the set rules until the output results converge. The 380 

initial values of ω and θ are determined randomly in the general BPNN model. 381 

Although BPNN has strong abilities of self-learning and self-adaptation, it can easily 382 

get trapped at local minimum value or converge slowly during training [44]. 383 

Therefore, the GA is involved in the BPNN model to solve these problems by 384 

optimizing the initial ω and θ values relying on its global search capability and high 385 

calculation efficiency [45]. The fitness function of the GA is set according to the 386 

ultimate goal of minimizing the mean square error (MSE) of the BPNN model in this 387 
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study. The GA-NN is designed to work as a surrogate of the thermal simulation 388 

engine. The available building design variables are selected as the input data 389 

according to various research aims, such as optimizing indoor illumination, adjusting 390 

air conditioner operation pattern, and improving indoor air quality. On the other hand, 391 

the energy consumption and indoor environment indices can be chosen as the output 392 

data. For example, the geometry parameters in retrofitting process are constant, while 393 

the envelope, system, and operation pattern are considered as variables. In addition, 394 

depending on the capacity to build numerous energy models with different parameter 395 

combinations, the energy consumption performance level of the predicted building is 396 

easily determined. 397 
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θ1[2]

θ2[2]

θ3[2]

 398 

Fig.5 Structure of a Feed-forward Multi-layer Perceptron ANN 399 

5 Simulation Study 400 

5.1 Case Description 401 

In order to demonstrate the capability of the proposed GA-NN based energy 402 

consumption prediction model, a simulation study is carried out with a wide range of 403 

architectural parameter combinations. A total of 12,500 office building design schemes 404 

generated by parametric combinations are used as cases, each of them is regulated with 405 

2500 hours of annual standard service time [46]. Annual heating and cooling loads 406 

serve as two evaluation indices in this study. Therefore, more attention is being paid to 407 

building thermal properties, while some unrelated variables, including systems, 408 

schedule, operation pattern, and occupant behavior, are preset as a baseline. Table 2 409 
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lists the range of variables that can present the diversity of energy designs. There are a 410 

total of 47 parameters, numbered from P1 to P47 and categorized into geometry (P1-P6), 411 

envelope (P7-P43), and site information (P44-P47). 412 

Table 2 Range of Variables in Energy Models 413 

Category Number Variable Range Unit 

Geometry 

P1 Orientation (0,360) Degree 

P2 Building facade (1,5) / 

P3 Window to wall ratio (0.15,0.65) / 

P4 Area of each floor (63, 8100) m2 

P5 Floor height (3.0,5.0) m 

P6 Number of floors (1,9) / 

Envelope 

P7, P8 Density (Infrastructure 1,3) (500,1900) kg/m3 

P9, P10, P11 Density (Insulation 1-3) (18,35) kg/m3 

P12, P13, P14 Density (Screed 1-3) (250,1800) kg/m3 

P15 Density (Screed 4) (1500,1800) kg/m3 

P16, P17 Conductivity (Infrastructure 

1,3) 

(0.27,1.74) W/m·K 

P18, P19 Conductivity (Insulation 1,3) (0.029,0.049) W/m·K 

P20 Conductivity (Insulation 2) (0.03,0.041) W/m·K 

P21, P22, P23 Conductivity (Screed 1,3,4) (0.075,0.93) W/m·K 

P24 Conductivity (Screed 2) (0.081,0.93) W/m·K 

P25, P26, P27 Specific Heat (Insulation 1-3) (2380,5350) J/kg·K 

P28, P29 Specific Heat (Screed 1,2) (1045,1050) J/kg·K 

P30, P31 Thickness (Infrastructure 1,3) (180,300) mm 

P32 Thickness (Infrastructure 2) (100,250) mm 

P33 Thickness (Infrastructure 4) (80,200) mm 

P34, P35, P36 Thickness (Insulation 1-3) (20,120) mm 

P37, P38, P39, 

P40 

Thickness (Screed 1-4) (20-50) mm 

P41 Thickness (window) (5.8-41.9) mm 

P42 U-Factor of glass (1.09-5.818) W/m2·K 

P43 SHGC of glass * (0.39,0.80) / 

Site 

Information 

P44 Location (1,11) / 

P45 Latitude (20.03,45.75) Degree 

P46 Longitude (102.68,126.77) Degree 

P47 Elevation (5.5,1892.4) m 

* Solar Heat Gain Coefficient (SHGC) 414 

To meet the requirements of building energy prediction for various architectural 415 

appearances, a total of five representative building facades (P2) with different geometry, 416 
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envelope, and site information are included in this simulation study. Fig. 6 shows the 417 

floor plans of these five typical building types, and they are referred to as Rectangular, 418 

T-Shape, O-Shape, U-Shape, and L-Shape. The interior walls and space allocations are 419 

not accurately described in this case because previous work verified that this type of 420 

model simplification is fully permissible for heating and cooling design [37]. Buildings 421 

within nine layers (P6) are included in the study, whose floor areas cover from 81m2 to 422 

8100m2 (P4). A standardized definition of building envelope construction is established 423 

in this study for better data processing. Particularly, the building envelope components 424 

are divided into several layers: “Infrastructure” represents the main components 425 

making up the structure for stability, such as concrete, bricks, or building blocks; 426 

“Insulation” is applied in the sunlight exposed surfaces for necessary thermal 427 

performance design; and “Screed” is responsible for leveling and aesthetics. The 428 

components numbered 1-4 stand for exterior wall, roof, exterior slab carpet, and 429 

ceiling/floor, respectively. The interior wall is given constant property.  430 

 431 

Fig.6 Floor Plans of Five Architectural Appearances of the Case Study 432 

The previously detailed information in the database is obtained from 11 cities (P44) 433 

within different geographical regions in China with different thermal design areas, to 434 

enhance the generalization of this simulation study. Considering both land-sea 435 

distribution (LSD) and elevation, the following cities are selected with the guidance of 436 

the Design Standard for Energy Efficiency of Public Buildings (GB 50189-2015) [47]: 437 

Harbin, Hohhot, Dalian, Xi’an, Beijing, Shanghai, Chengdu, Hefei, Kunming, Guiyang, 438 

and Haikou. The Chinese Standard Weather Data (CSWD) weather files (.epw) of 439 

typical meteorological year (TMY) in each city are obtained from the official website 440 

of EnergyPlusTM [48] as the input weather file of energy simulation.  441 
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5.2 Reference Building Settings 442 

A rectangular building with nine zones (3*3) on each layer is established as the RBM. It 443 

can satisfy the basic requirement of creating various architectural facades. Detailed 444 

settings of the RBM are presented in Appendix A (Table A.1). The RBM is a 9-story 445 

office building with a rectangular facade located in Dalian city, and it is used as a basis 446 

for further energy modeling work. A total of nine parametric classes of the RBM in 447 

Appendix A are described, including Building, Algorithm, Construction, Material, 448 

People, Light, Electric equipment, Zone Infiltration, and HVAC Template. Among 449 

them, the underlined classes are constant in the entire database because they are 450 

regarded as a baseline to carry out this simulation study. For example, the HVAC 451 

system is a default Ideal Loads Air System (ILAS). According to the indoor air quality 452 

standard (GB/T 18883-2002) [49] and some relative studies [50-52], the constant 453 

heating setpoint is 18°C and constant cooling setpoint is 26°C. Occupant activity is 454 

configured as a constant sedentary state with a low metabolic rate. Other variables are 455 

replaceable subjected to the range described in Table 2. 456 

5.3 Data Sampling 457 

Two different sampling methods are applied to different variables. For discrete 458 

parameters, a uniform random sampling method is selected, and this process is carried 459 

out relying on the function “Randbetween ()” in Excel. For continuous parameters, 460 

statistical analysis results show a high probability of occurrence near the median of 461 

the sampling range, and therefore the continuous parameters are considered to be 462 

satisfactory with respect to the standard normal distribution [6]. The Latin Hypercube 463 

Sampling (LHS) is conducted within a Monte Carlo framework to ensure the spatial 464 

coverage of samples by means of its efficient stratification properties [51, 52]. Fig. 7 465 

presents the sampling data structure in the parameterized modeling database. As 466 

shown in Fig. 7, the sampling data structure is composed of three data sets called S1, 467 

S2, and S3. The first data set (S1) involves the envelope related parameters such as 468 

conductivity, density, and specific heat. Therefore, these parameters are considered 469 

discrete because of the very limited variety of materials from the Thermal Design 470 
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Code of Civil Buildings (GB 50176-2016) [53]. The second data set (S2) comprises 471 

the geometry related parameters and location related parameters, sampled in the same 472 

manner as S1 parameters. The third data set (S3) is a special part for extending the 473 

scale of database. Properties are combined to form new materials, which are not 474 

referred to the Thermal Design Code of Civil Buildings [53], and it gives full 475 

consideration to further development of the building material domain and serves as 476 

the supplement of the code [53]. The scale of sampling is based on the described 477 

range in Table 2.  478 

 479 

Fig.7 Sampling Data Structure in the Parametric Modeling Database 480 

5.4 Results 481 

5.4.1 Simulation in EnergyPlusTM 482 

The building energy simulation is driven by computer programming, where the model 483 

establishment, EnergyPlusTM simulation, and result extraction are implemented in 484 

sequence. Due to around two-minute simulation time for an individual building in 485 

EnergyPlusTM, four simulation processes are conducted simultaneously with 486 

quad-core processors, and the total simulation time is reduced to 70 hours. The annual 487 

cooling load and annual heating load per unit with different facades in 11 cities are 488 

illustrated in Fig. 8 and Fig. 9. The 11 cities are ranked according to their latitudes. As 489 

shown in Fig. 8 and Fig. 9, the general trend of the annual cooling load decreases with 490 

the latitude rise, while the annual heating load maintains a rising trend. Dalian city 491 

consumes more energy for heating and less for cooling than other cities in the similar 492 

area because of its special geographical location. The numerical difference between 493 

heating and cooling loads is also apparent in these two figures. This result is driven by 494 

mainly two reasons: (1) six cities are located in south China with relatively high 495 
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design degrees Celsius in winter; and (2) the schedule in this study is presented from 496 

8:00 AM to 06:00 PM in weekdays, which means the heating equipment does not 497 

work at winter nights. In particular, such settings would not influence the practical 498 

significance of this proposed approach because all the individual buildings are 499 

regarded to follow the same baseline when carrying out the assessment or prediction.  500 

 501 

Fig.8 Annual Cooling Load in the 11 Chinese Cities 502 
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 503 

Fig.9 Annual Heating Load in the 11 Chinese Cities 504 

5.4.2 The GA-NN Based Energy Prediction 505 

Considering the computational burden and usability, the collected influential factors 506 

are supposed to be processed before fed into the neural network. A total of 13 selected 507 

input variables and two output energy indices are listed in Table 3 [54-59]. The S/V 508 

and the WWR represent the surface to volume ratio and window to wall ratio, 509 

respectively. They are widely used in ANN training as the primary data alternative, 510 

such as building length, building height, and window size [6, 11]. The heat transfer 511 

coefficient K is applied to describe the thermal property of the envelope, and thermal 512 

resistance R is for interior ceiling. The annual heating and cooling load per unit (Eh, 513 

Ec) are considered as two output variables. 514 

 515 

 516 

 517 
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Table 3 Selected Network Input and Output Variables 518 

 Category Variables Primary Data Processed Data 

Input 

Orientation 

Facade   

Building area   

Floor   

Orientation   

S/V   

WWR   

Envelope 

K1   

K2   

K3   

R1   

U-FACTOR   

SHGC*   

Site City   

Output Energy index 
Eh   

Ec   

* Solar Heat Gain Coefficient (SHGC) 519 

In order to avoid insufficient learning or model overfitting caused by inappropriate 520 

sample size selection, the ideal scale of training set is determined based on the 521 

“trial-and-error” process. Meanwhile, the network structure (the number of hidden 522 

layer neurons) is also determined depending on the experimental result. In this 523 

“trial-and-error” process, the sample size varies from 20 to 12,000, and the number of 524 

hidden layer neurons is explored from 5 to 45. Fig. 10 (a) and (b) illustrate the 525 

prediction performance by the Coefficient of Determination (R2) in the validation and 526 

test sets. Fig. 10 (a) is applied to determine the network structure, while Fig.10 (b) is 527 

responsible for judging the prediction performance. In order to generate a stable 528 

prediction model, the sample size is supposed to be over 1,600. Considering both the 529 

difficulty of sample acquisition and the huge increase in computational time, a sample 530 

size of 3,200 and 30 hidden neurons, reaching 0.9512 and 0.9597 in R2, are selected 531 

to ultimately build the prediction model.  532 

Finally, a 13-30-2 feedforward neural network prediction model is established. 533 

According to the default 70%-15%-15% (training set - validation set - test set) dataset 534 
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assignment in Matlab®, 480 prediction results were generated as the test set. Fig. 11 535 

presents the prediction results including cooling load, heating load, and total energy 536 

load. According to the figure, the cooling load prediction performance is more stable 537 

than the heating load prediction performance in this test set. Over 75% of the 538 

predicted cooling loads have a deviation within 10%. To the predicted total energy 539 

load, 76.67% of the cases have the satisfactory prediction performance within the 540 

deviation of 10%. 541 

 542 

(a)                           (b) 543 

Fig.10 Coefficient of Determination of the Validation and Test Sets 544 
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 547 

Fig.11 The GA-NN Prediction Performance 548 

5.5 Discussion 549 

In order to verify the effects of the proposed building energy performance prediction 550 

method, this simulation study established a typical database, which includes the 551 

commonly used building influential factors, to implement the GA-NN based prediction 552 

model. Total 12,500 cases which are composed of different parametric combinations 553 

were generated in this database for machine learning. Considering that building 554 

information modeling for each case requires much time, and such a large number of 555 

cases will lead to a greatly heavy workload, parametrized modeling was applied to 556 

solve this problem. EnergyPlus was employed to calculate the energy consumption for 557 

each case. Then the database containing many cases with significant design parameters 558 

and corresponding energy consumptions was built. By training and verifying the 559 

GA-NN model with the database, the entire prediction model was completed, which 560 

can realize the function of calculating the energy consumption of one building design 561 
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by just inputting 13 parameters. The simulation study illustrated that comparing with 562 

traditional approaches, this proposed energy prediction method has advantages in four 563 

aspects: 564 

Firstly, time devoted into the entire energy prediction process can be largely reduced. 565 

The energy prediction process can be divided into information preparation stage and 566 

energy calculation stage. For traditional approaches, people have to collect data and 567 

build a 3D building information model, and then input it into simulation engine and 568 

preset parameters in the software. The time consumed in this stage depends on the 569 

information adequacy and the software familiarity of the software operator, which takes 570 

hours or days. While in this method, people just need to input the values of 13 design 571 

parameters into the model. In energy calculation stage, this simulation study proved 572 

that with the help of multithread processing and web crawler, it took 70hrs for 573 

EnergyPlus to simulate 12,500 design schemes. However, the energy calculation time 574 

by the GA-NN model of 480 cases was just 56s, which is only 0.58% of that by 575 

EnergyPlus. It proves that the proposed model can remarkably improve the simulation 576 

efficiency. Since much time can be saved in both information preparation stage and 577 

energy calculation stage, the proposed model is a very efficient tool for building energy 578 

prediction. 579 

Secondly, the amount of input data of cases in this method is cut down. Either 580 

mathematical modeling methods or simulation engine-based methods for energy 581 

consumption estimation can only take effect with sufficient data related to building 582 

designs. Although values of some parameters have been predefined in some models 583 

and simulation engines, there are still many parameters need to be assigned according 584 

to the details of the specific building design (with their own materials, shapes, locations, 585 

applications, etc.). The more complex the building design, the more data is needed. 586 

While the difficulty level of data collection rises along with the increase of the amount 587 

of required data. In order to solve this problem, this study transferred the complex 588 

building design information into 13 significant influence factors on building energy 589 

consumption. These factors belonging to climate, materials, and geometry of buildings 590 
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can well define the thermal and energy performance of buildings, so as to help predict 591 

the annual energy consumption of building designs. By means of this method, data 592 

collection becomes easier and faster, which saves many efforts for designers, engineers, 593 

and project owners.  594 

Thirdly, the operation of the proposed method is user-friendly. As discussed above, 595 

when the database has been established and the GA-NN model has been tested to be 596 

qualified, the entire model is ready for application. The operation process only contains 597 

input step, run the program, and get the output. Comparing with the traditional 598 

approaches, the operator does not need to master much professional knowledge of 599 

building physics, structure, and building environment, or to be familiar with simulation 600 

engine operation skills. By this way, more and more project participants can take part in 601 

the green building development activities. 602 

The last point is that predictions by the proposed method are reliable. In the test phase 603 

of the case study, comparing with the simulation results of EnergyPlus, 76.67% of the 604 

predictions are within the deviation of 5%, which demonstrates the satisfactory 605 

accuracy of the proposed GA-NN based energy prediction method. As the expansion of 606 

the database, the accuracy and reliability of this method can be improved in the future. 607 

6 Conclusions 608 

This study presents a rapid, user-friendly, and reliable building energy prediction 609 

method in the early design phase for building projects. The method mainly generates 610 

models and data depending on parametric modeling and the computing capacity of the 611 

electronic computer. By means of elaborate research scheme design, the developed 612 

prediction model is able to reduce the operational complexity and computation burden 613 

for designers, and to improve availability, which means that various building facades 614 

can be sufficiently considered on the basis of existing achievements. A three-stage 615 

framework is developed for building energy prediction. Stage 1 establishes numerous 616 

building energy models with the help of a standard process, which establishes the 617 

building model following the standardized style of spatial allocation and element 618 
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expression. Buildings with different facades and envelope properties can be generated 619 

through the RBM revision in a short period. Stage 2 operates the automatically 620 

running energy simulation in EnergyPlusTM. Two assistant techniques, multithread 621 

programming and Web crawler, are used to improve the efficiency while running the 622 

program and results collection. Stage 3 establishes a GA-NN based energy 623 

consumption prediction model. The network structure and training sample size are 624 

determined by a “trial-and-error” process to greatly develop the model utility. The 625 

proposed method can rapidly and precisely predict the energy performance of a 626 

building using some easily accessible design parameters. It is also capable of 627 

evaluating the green design rating in accordance with the Chinese National Building 628 

Standard.  629 

A simulation study is introduced and applied to verify the practicability and reliability 630 

of the proposed method. A total of 12,500 office building models were developed. 631 

Considering both computational burden and difficulty in data collection, a 13-30-2 632 

network structure and 3,200 training sample sizes are ultimately determined. The 633 

predicted performance indicator (R2) reaches a desired level of 0.9512. The 634 

simulation study demonstrates that this proposed method is able to get the predicted 635 

building energy consumption level in noticeably short time based on 13 design 636 

parameters. This study greatly overcomes the challenges of promoting energy 637 

modeling speed, prediction efficiency, applicability, and ease of use. Particularly, the 638 

parametric modeling process improves the current scattered, multi-step, and manual 639 

involving prediction process, and it further provides a possibility to simulate more 640 

extensive building samples. Therefore, these processes give the prediction model a 641 

stronger ability to deal with arbitrary architectural facades. With the continuous 642 

supplement of the building energy models, this approach will become a real 643 

user-oriented energy consumption prediction tool and an effective collection approach 644 

of building energy data.  645 

Currently, the proposed method still has some limitations: 1) building designs which 646 

have complex structures can still not be well defined. So more significant design 647 
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parameters can be involved as the input to better explain the building and get more 648 

accurate energy prediction results. 2) In this study, energy consumptions of cases in 649 

the database were calculated by EnergyPlus. Although the reliability and accuracy of 650 

EnergyPlus has been accepted by researchers, there is still a gap with the actual data. 651 

So more actual projects will be collected in the database in further studies to enhance 652 

the accuracy of this method. 653 
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Appendix A 862 

Table A.1 Basic Settings of the Reference Building Model (RBM) 863 

Geometry information Size Schedule: Compact 

3D model 

Story 9 People Schedule Activity Level 
x1=x2=x3 15m through: 12/31 through: 12/31 
y1=y2=y3 10m for: weekdays for: all days 
z1=z2=…=z9 3m until: 8:00 until: 24:00 
Window 0 80 
Window to wall 0.35 until: 18:00  
Offset 0.8m 1  
Location  until: 24:00  
City Dalian 0  
Latitude 38.9 for: weekends  
Longitude 121.63 until: 24:00  
Time Zone 8 0  
Elevation 91.5   

EnergyPlusTM Class Set Value 
Building North Axis 0 

Loads Convergence Tolerance Value 0.04 
Temperature Convergence Tolerance Value 0.4°C 
Solar Distribution Full Exterior 

Algorithm Shadow Calculation Average Over Days in Frequency 
Surface Convection Algorithm: Inside TARP 
Surface Convection Algorithm: Outside DOE-2 
Heat Balance Algorithm Conduction Transfer Function 
Time Step 6 Timesteps per Hour 

Construction External Wall Layer 1 Infrastructure 1 
Layer 2 Insulation 1 
Layer 3 Screed 1 

External Window Layer 1 Glass 
Roof Layer 1 Infrastructure 2  

Layer 2 Insulation 2 
Layer 3 Screed 2 

External Slab Carpet Layer 1 Infrastructure 3 
Layer 2 Insulation 3 
Layer 3 Screed 3 

Ceiling/Floor Layer 1 Screed 4 
Layer 2 Infrastructure 4 

Internal Wall Layer 1 Infrastructure 5 
Material Infrastructure 1-5 Roughness Medium Rough 

Thickness 200mm 
Conductivity 1.74W/m·K 
Density 1800kg/m3 
Specific Heat 1050J/kg·K 

Screed 1-4 Roughness Medium Smooth 
Thickness 30mm 
Conductivity 0.8W/m·K 
Density 1500kg/m3 
Specific Heat 1050J/kg·K 

Insulation 1-3 Roughness Medium Smooth 
Thickness 60mm 
Conductivity 0.04W/m·K 
Density 20kg/m3 
Specific Heat 3000J/kg·K 

Glass U-Factor 2.0W/m2·K 
SHGC* 0.6 

People Number of People Schedule Name People Schedule 
People per Zone Floor Area 0.05person/m2 
Activity Level Schedule Name Activity Level 

Light Schedule Name Default (Office Bldg Light) 
Watts per Zone Floor Area 10 

Electric Equipment Schedule Name Default (Office Bldg Equip) 
Watts per Zone Floor Area 5 

Zone Infiltration Air Changes per Hour 1 
HVAC Template Constant Heating Setpoint 18 

Constant Cooling Setpoint 26 
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* Solar Heat Gain Coefficient (SHGC) 864 
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Highlights: 

 An automatic energy prediction method with the input of 13 design parameters 

only 

 A building design database is built to train and validate the automatic energy 

prediction  

 GA is applied into BPNN to improve the accuracy and efficiency of energy 

prediction 

 The accuracy of prediction results by this method is as high as that of EnergyPlus 
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