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ENERGY ASSESSMENT OF URBAN BUILDINGS 
BASED ON GEOGRAPHIC INFORMATION SYSTEM
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ABSTRACT
Urban building energy analysis has attracted more attention as the population living 
in cities increases as does the associated energy consumption in urban environments. 
This paper proposes a systematic bottom-up method to conduct energy analysis and 
assess energy saving potentials by combining dynamic engineering-based energy 
models, machine learning models, and global sensitivity analysis within the GIS 
(Geographic Information System) environment for large-scale urban buildings. This 
method includes five steps: database construction of building parameters, automation 
of creating building models at the GIS environment, construction of machine learn-
ing models for building energy assessment, sensitivity analysis for choosing energy 
saving measures, and GIS visual evaluation of energy saving schemes. Campus build-
ings in Tianjin (China) are used as a case study to demonstrate the application of the 
method proposed in this research. The results indicate that the method proposed here 
can provide reliable and fast analysis to evaluate the energy performance of urban 
buildings and determine effective energy saving measures to reduce energy consump-
tion of urban buildings. Moreover, the GIS-based analysis is very useful to both create 
energy models of buildings and display energy analysis results for urban buildings.

KEYWORDS
urban buildings, energy model, machine learning model, Geographic Information 
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INTRODUCTION
Buildings in cities are responsible for around 70% of total primary energy use [1]. Hence, 
more recent research has focused on the energy analysis of urban buildings to deal with the 
increasing energy use and associated carbon emissions in urban environments [2–4]. Urban 
building energy modelling can be categorized into two types: top-down and bottom-up [5]. 
The top-down analysis investigates urban buildings from total energy use in a region and then 
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explores energy patterns at a smaller spatial scale. By contrast, the bottom-up method is from the 
archetype or individual buildings where the energy characteristics of these buildings are explored 
and then summed to the total region for energy consumption. The bottom-up approach can 
be further divided into statistical and engineering models for urban building energy analysis 
[6]. The statistical bottom-up approach explores urban energy use from energy bills or surveys 
and the associated explanatory variables, while engineering models create engineering-based 
building energy models by considering the detailed heat transfer occurring in buildings. Hence, 
the engineering-based bottom-up approaches at urban scale have the capability of simulating 
the detailed effects of various energy saving measures. Li et al. [7] developed an engineering-
based, bottom-up energy model to simulate heating and cooling use in Chongqing, China. The 
results indicated that it is not feasible to implement central space heating similar to northern 
China, which would result in a significant increase in carbon dioxide in the residential sector 
of Chongqing. Tian et al. [8] describe an automated process of extracting information from a 
high-resolution database to create building energy models in a GIS (Geographic Information 
System) environment. They implemented this process to explore energy characteristics for 
the Westminster area of London. Hong et al. [9] developed a web-based computing environ-
ment to simulate energy use for city-scale buildings. This computing environment is named 
as the CityBES (City Building Energy Saver) based on the international open data standard, 
CityGML (City Geography Markup Language). Sun et al. [10] propose an integrated spatial 
analysis computing environment to explore the characteristics of energy performance of urban 
buildings. This computing environment has been used to assess energy patterns of London 
residential and non-residential sectors. Pasichnyi et al. [11] propose an urban building model-
ling approach based on rich datasets to develop various archetypes depending on the purposes 
of urban analysis. They apply this approach for two case studies: building retrofitting and elec-
tric heating in Stockholm, Sweden. Wei et al. [12] compare the predictive performance of six 
machine learning models in creating reliable and fast energy models for urban buildings. The 
SVM (support vector machine) models perform the best for predicting both gas and electric-
ity use in London residential buildings. Chen and Hong [13] compare three zoning methods 
in urban-scale building energy modelling. The results indicate that the zoning methods have 
significant impact on energy use for urban building simulation. Hu et al. [14] developed an 
engineering-based bottom up model to predict the energy use of urban residential buildings in 
China. They found that centralized cooling is not a good choice for sustainable cooling in the 
urban residential sector. Tian et al. [15] implemented two global sensitivity analysis methods 
(standardized regression coefficients and multivariate adaptive regression splines) to determine 
the key variables influencing energy use for London school buildings. This previous research has 
made significant progress on the methods and applications for urban building energy analysis. 
However, there is a lack of research on a holistic engineering-based approach for urban building 
energy analysis by combining several emerging techniques, including GIS, machine learning, 
and global sensitivity analysis in an integrated computing environment. The combination of 
these techniques would provide a more convenient and robust computing environment for 
the energy evaluation of urban buildings by taking advantage of both engineering-based and 
machine learning energy models.

Therefore, this paper proposes a systematic engineering-based bottom-up method to 
conduct energy analysis of urban buildings in an integrated computing environment. The 
main features of this method include the automation of construction and energy models based 
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on the GIS data, engineering-based dynamic energy simulation, machine learning techniques, 
sensitivity analysis, and GIS-based visualization of energy saving results. Energy analysis for 
urban environments usually involves a large number of building energy models, which requires 
the automation of creating energy models for these buildings. The GIS environment, which 
contains location and 2D coordinate data of buildings, can be used to create 3D building 
geometry for building energy models. The engineering-based dynamic energy models are usually 
required for urban building assessment to provide an accurate analysis for the effects of various 
energy saving measures. These engineering-based energy models, however, are computationally 
expensive for a large number of buildings. Hence, machine learning technique can create reli-
able and fast-running statistical energy models for various purposes of energy evaluation (for 
example, sensitivity, uncertainty or optimization analysis). The machine learning models in 
this research have two aims: global sensitivity analysis and energy saving computation. Global 
sensitivity analysis is an effective technique to determine energy saving measures in urban 
buildings by considering the nonlinear and interaction relationships between input and output 
variables [16]. After obtaining effective energy conservation measures, these learning models 
are used to compute energy saving results by implementing these energy saving measures. The 
GIS environment again is used to visualize the change of energy use in these urban buildings. 
The campus buildings in Tianjin are used to demonstrate the application of this method for 
urban building analysis.

METHODS
Figure 1 shows the flow diagram used in this research. The procedure of urban building analy-
sis can be divided into five steps. The first step is to create a database for urban-scale building 
energy analysis, including weather data, GIS data, thermal performance of building envelopes, 
internal heat gains, and HVAC systems. The second step is to construct dynamic building 
energy models based on the database created in this first step. The automation of this step 
using computing languages is necessary since a large number of energy models are required 
at the urban-scale analysis. The third step is to create machine learning models for replacing 
time-consuming engineering-based energy models to assess the energy performance of urban 
buildings by conducting sensitivity analysis and computing energy savings. The fourth step is 
to run a sensitivity analysis based on the machine learning models created in the last step to 
determine effective energy saving measures to improve energy performance for urban environ-
ments. The fifth step is to display the results of the energy analysis computed based on the 
sensitivity analysis in the fourth step and learning models created in the third step for urban 
buildings in the GIS environment.

The main computing language used in this research is R environment [17], including the 
automation of creating building energy models, the construction of machine learning models, 
and the implementation of sensitivity analysis. The text function in R environment is used to 
create EnergyPlus models for building energy simulation based on the database constructed in 
the first step as shown in Figure 1. The EnergyPlus program [18], developed by the USA DOE 
(Department of Energy), has features to use ASCII text files as input data files (IDF) for build-
ing energy models, which can be easily edited using the R language. The R caret package [19] 
is used to create machine learning models in this study. The R sensitivity package [20] is used 
to conduct sensitivity analysis to choose effective energy saving measures.
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FIGURE 1.  Flow diagram of the research used in this paper.
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CONSTRUCTION OF BUILDING ENERGY MODELS BASED ON GIS 
ENVIRONMENT
This section describes the first three steps as discussed in the section “Methods,” including the 
construction of a database for energy analysis of urban buildings, the automation of creating 
dynamic energy models, and the construction of machine learning models.

Database for urban-scale building energy analysis
The database used in this research is named as the Dynamic Building Energy Model Input 
Parameter Set (DBEMIPS) for urban buildings. As shown in Figure 1, there are three types of 
data: data for GIS environment, building envelope & weather data, and internal heat gains & 
HVAC data. The first type of data is mainly used for creating building geometry for dynamic 
energy models. There is no GIS data available for the campus buildings investigated in this 
study. Hence, the GIS data is created based on the publicly available data on the Baidu Map 
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using the geo-referencing function to specify target coordinates in a raster image. The second 
type of data is related to the thermal performance of a building envelope and weather data. 
The typical data here include wall U-value, roof U-value, floor U-value, window U-value and 
window SHGC (solar heat gain coefficient). Most campus buildings studied were constructed 
before the introduction of the energy saving code released in 2005 in China. As a result, the 
typical value for these parameters are chosen based on the recommendations from the appendix 
of China building energy code [21]. The weather data depends on the availability of measured 
weather data. If there were no 8760 measured hourly data, typical meteorological data can be 
used to assess the typical energy performance of urban buildings. The third type of data includes 
internal heat gains and HVAC data, which are difficult to obtain for urban-scale buildings. 
Hence, the typical data set from previous studies, building standard, and research reports, are 
used [21–24]. These schedules for summer and winter holidays have been adjusted based on 
the university calendar.

Automation of creating urban-scale building energy models
This step is a key procedure for this urban-scale building energy analysis to automatically create 
a large number of building energy models. The coordinates of polygons at the GIS environment 
are exported with the well-known text format in which the data is 2D coordinates. Then these 
coordinates and building height are edited in the csv format to be imported in the R environ-
ment to create 3D building energy models of IDF files with typical zoning (four external and 
one internal zones) for building energy models. The depth of perimeter zones is 4.5 meters 
when zoning these campus buildings. The whole procedure in this step is written by using the 
R language. The R codes are updated from previous research [8] with only one zone per floor to 
create five zones per floor. The global geometry rules of buildings are in line with the EnergyPlus 
requirements. The starting corner for the surface is the lower left corner and the vertex energy 
direction is in a counterclockwise direction in viewing the specific surface from the outside of 
the given zone [18]. Figure 2 illustrates the 3D EnergyPlus energy models (68 in this case study) 
created using the R language. Figure 3 compares the geometry of the main building between 
the actual building and energy model.

FIGURE 2.  Energy models of campus buildings.
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Construction of machine learning models for building energy analysis
Energy analysis of urban buildings often involves a large number of buildings, which requires 
high computational cost. To expedite the computation of energy analysis, it is necessary to create 
fast running energy models instead of using engineering-based models [15, 25]. Five machine 
learning models are used here by considering the balance between model accuracy and interpret-
ability, including MARS (multivariate adaptive regression splines), BMARS (bagging MARS), 
RF (random forest), SVM (support vector machine), and TGP (treed Gaussian process). 
Detailed information on these learning methods is available [26, 27]. The eight input parameters 
are considered to represent the variations of input parameters, including wall U-value (WU), 
ground U-value (GU), roof U-value (RU), window U-value (DU), solar heat gain coefficient of 
windows (SH), infiltration rate (FI), lighting power density (LH), and equipment power density 
(EP). The change of the values for these eight parameters is also regarded as a potential energy 
conservation measure when refurbishing these campus buildings. For every building, there are 
100 combinations of input parameters using Latin hyper-cube sampling [28], which means 
100 EnergyPlus models would be run for every building. As a result, there are 6800 EnergyPlus 
models since there are 68 buildings in this research. The ten-fold cross validation is used to tune 
the parameters in these learning models by considering both bias and variance [27]. To further 
validate the results from these five machine learning models, extra 6800 EnergyPlus models are 
created and run to compare the predictive capability of these machine learning models. The 
comparison results are summarized in Table 1. In terms of model accuracy, the first two models 

FIGURE 3.  Spot check of building shapes for main building.

TABLE 1.  Performance comparison from five machine learning models.

Model R2 RMSE

MARS (multivariate adaptive regression splines) 0.998 2.081

BMARS (bagging MARS) 0.998 2.004

RF (random forest) 0.996 3.523

SVM (support vector machine) 0.956 13.794

TGP (treed Gaussian process) 0.923 15.979
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are MARS and BMARS with the high R2 (coefficient of determination) and the low RMSE 
(root mean square error) [19]. However, the computational cost for the BMARS model is high 
since a large number of regression models should be constructed for the ensemble learning 
models. Hence, the MARS models have been selected in this research for further sensitivity 
analysis and energy assessment.

VISUALIZATION OF ENERGY SAVING RESULTS
This section presents the results from the fourth and fifth steps for sensitivity analysis and GIS-
based visualization, respectively.

Results for sensitivity analysis
Sensitivity analysis can be used to prioritize energy saving measures in buildings [29]. The 

meta-modelling sensitivity method is a two-step method to create the machine learning models 
based on the data set firstly and then use this learning model to conduct variance-based sensi-
tivity analysis [30]. Hence, the commonly used two sensitivity indicators from variance-based 
methods are also available to consider the influence of single variable (named as main effect) 
and include the second-order or higher-order interactions with other variables (named as total 
effect) [31]. The results of sensitivity analysis of annual heating energy for office buildings are 
shown in Figure 4. The first two important factors are infiltration rate (FI) and equipment heat 
gains (EP), which account for over 90% of output variations. The remaining factors have only 
marginal effects on energy use for this building. Hence, more attention should be paid on these 
two factors to improve energy performance of office buildings in this campus. More sensitivity 
results on other types of buildings are available in Liu [22]. Based on these sensitivity analysis 

FIGURE 4.  Global sensitivity analysis results of annual heating energy use in an office building of 
this campus.

(a) Main effect  (c) Total effect
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results and previous studies [32, 33], four energy saving measures are determined: (1) 20% 
reduction of equipment power density; (2) 20% reduction of lighting power density; (3) install 
daylight sensors; (4) 40% reduction of infiltration rate. Most of these campus buildings are old 
and leaky, which leads to high infiltration rates through poorly sealed window panes & doors. 
Hence, these joints should be upgraded to increase air tightness of these old buildings in order 
to reduce heating energy use. New lightings or electric equipment usually have high energy 
efficiency standards, and then it is recommended to replace older teaching and office equipment 
in these buildings, which can effectively reduce electricity use. Moreover, the daylight sensors 
by dimming the lighting can be installed to further reduce electricity use.

Visualization of GIS-based results
Based on the results of sensitivity analysis in the last subsection, energy saving results are com-
puted using the machine learning models (MARS in this case study) for all the 68 buildings as 
shown in Figure 5 and Figure 6. Note that the height of buildings in these figures are not actual 
height, but energy use intensity. The energy use intensity for heating and cooling energy use 
has been reduced significantly (around 20% in this case study) as can be seen from the change 
of color and building height in Figure 5 and Figure 6. The infiltration rate in this case study is 
the only dominant factor affecting heating energy use, while the equipment and lighting heat 
gains are two important factors influencing cooling energy use. Hence, the improvement of air 
tightness and implementation of more efficient equipment or lighting in these old buildings 
would markedly improve energy performance for this campus.

The method proposed here can be applied to different spatial scales depending on the 
availability of urban data. If the building number is below hundreds of buildings, it is easy to 

FIGURE 5.  Comparison of annual heating energy (kWh/m2) between existing buildings and 
energy saving measures for campus buildings.

(a) Existing buildings	 (b) Energy saving measures
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manipulate the data, especially the construction of GIS data. Difficulties arise, however, when 
an attempt is made to implement this method for a larger spatial scale without the GIS data 
available. One solution is to simplify building geometry in the GIS environment, which can 
significantly expedite the process of construction of GIS data [8]. For a larger scale, it usually 
means the explanatory data becomes increasingly unavailable. Bayesian computation can be 
used to make full use of prior knowledge of building parameters at urban environments to infer 
unknown parameters. Another important issue is to properly consider uncertainty of energy 
use for the urban environment, which usually requires thousands or higher simulation runs for 
building energy models. The method proposed here is suitable to conduct uncertainty analysis 
of urban buildings using the machine learning models created in the process as illustrated in 
Figure 1. To this end, the R statistical environment used in this research have a number of pack-
ages (for example, EasyABC [34] and BRugs [35]) that can be used for uncertainty analysis and 
Bayesian model calibration.

CONCLUSIONS
This paper proposes a holistic method to assess the energy performance of urban buildings by 
combining engineering-based energy models, machine learning energy models, global sensitiv-
ity analysis, and data visualization in a GIS environment. The GIS environment can be used 
to directly create engineering-based EnergyPlus models for a large number of buildings for the 
urban environment. The machine learning models can provide fast and reliable energy pre-
diction by replacing computationally expensive EnergyPlus models for urban buildings. The 
global sensitivity analysis can identify effective energy saving measures for these urban build-
ings. Campus buildings in Tianjin are used to demonstrate the application of this method. The 

FIGURE 6.  Comparison of annual cooling energy (kWh/m2) between existing buildings and 
energy saving measures for campus buildings.

(a) Existing buildings	 (b) Energy saving measures
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results indicate that this GIS-based analysis method can effectively provide the characteristics 
of energy performance for urban buildings and also prioritize energy saving measures. This 
paper investigates the urban area at the community levels, up to hundreds of buildings. For a 
larger spatial scale, the method proposed here is still applicable although the data collection for 
buildings require much more effort.
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