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Abstract: Urban building energy modeling (UBEM) is arousing interest in building energy modeling,
which requires a large building dataset as an input. Building use is a critical parameter to infer
archetype buildings for UBEM. This paper presented a case study to determine building use for
city-scale buildings by integrating the Geographic Information System (GIS) based point-of-interest
(POI) and community boundary datasets. A total of 68,966 building footprints, 281,767 POI data, and
3367 community boundaries were collected for Changsha, China. The primary building use was
determined when a building was inside a community boundary (i.e., hospital or residential boundary)
or the building contained POI data with main attributes (i.e., hotel or office building). Clustering
analysis was used to divide buildings into sub-types for better energy performance evaluation. The
method successfully identified building uses for 47,428 buildings among 68,966 building footprints,
including 34,401 residential buildings, 1039 office buildings, 141 shopping malls, and 932 hotels.
A validation process was carried out for 7895 buildings in the downtown area, which showed an
overall accuracy rate of 86%. A UBEM case study for 243 office buildings in the downtown area was
developed with the information identified from the POI and community boundary datasets. The
proposed building use determination method can be easily applied to other cities. We will integrate
the historical aerial imagery to determine the year of construction for a large scale of buildings in
the future.

Keywords: urban building energy modeling; building use; point of interest; community bound-
ary; clustering

1. Introduction

With continuous urbanization, 50% of the global population lived in urban areas in
2019. China’s urbanization rate has risen from 36 to 60% in the past 20 years [1]. Ur-
banization boosts economic growth with significantly increased energy consumption and
greenhouse gas emissions. Buildings in China accounted for 37% of the total energy
consumption in 2018 [2]. Building energy efficiency is essential for the sustainable develop-
ment of cities. Building performance simulation is an efficient tool for evaluating building
energy conservation measures for existing buildings and optimizing design schemes for
new construction [3].

Urban building energy modeling (UBEM) refers to bottom-up physical-based building
energy models from a district-scale to a city-scale [4]. UBEM has become an excellent
way to design and optimize city-scale buildings for energy efficiency [5] and evaluate
renewable energy technologies for energy planning [6]. Many tools have been developed
or are under development that aim to perform UBEM rapidly [7]. Unlike modeling a
single building which requires detailed information to be obtained via on-site investigation,
UBEM generally uses high-level building information, including series of geometric and
non-geometric information. The geometric information typically includes Geographic
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Information Systems (GIS) based building footprints, number of floors, and building
height [8]. The GIS-based building data can be obtained from public sources, remote
sensing images, or aerial photogrammetry. The non-geometric information is typically
determined based on the archetype/prototype buildings organized by building use, year
of construction, climate zone, and building size [9]. Archetype buildings represent the
common typologies and technologies in the building stock [10]. Building use information
is essential for identifying archetype buildings for UBEM [11].

Currently, there are direct and indirect approaches to acquire building use data. The
first direct approach is based on the government or organization’s open data portal, which
has been widely used in existing UBEM studies. Many cities worldwide have made their
building data publicly available [12], e.g., San Francisco, Los Angeles, Portland, San Jose,
Chicago, and Boston. Kontokosta et al. [13] used the Primary Land Use Tax Lot Output
database from the New York City Department of City Planning to obtain building uses
to be used as the data input for UBEM. Li et al. [14] collected residential and commercial
parcel data from the Polk County Assessor Database, including information about building
uses, building locations, and year of construction for UBEM. Monteiro et al. [15] reviewed
open urban building databases in Europe to support UBEM. Berlin and Helsinki launched
open data projects to provide 3D city models for buildings, including features such as
building name, height, building materials, and building use. Nouvel et al. [16] collected
building usage data from the Municipality of Rotterdam to calculate heating demand at the
neighborhood level. Nageler et al. [17] collected data on building uses assigned by the land
utilization plan from the State Government of Styria for UBEM. Readily available public
building information datasets comprise a good starting point for UBEM; however, many
cities do not provide such detailed building information.

Another direct approach is to obtain the building use information from the volunteer
GIS platform, OpenStreetMap (OSM). OSM [18] provides building footprints and some
customized tags, including building use and building height. Schiefelbein et al. [19] and
Fonseca et al. [20] extracted related building data automatically from OSM to create an
urban building dataset for UBEM. OSM comprises data that has been collected and shared
voluntarily by the general public. Thus, the quality of OSM data, in terms of completeness
and accuracy, varies greatly [21]. Building use and height information were missing for
most of the buildings. Moreover, University College London launched a web platform,
Colouring London [22], to collect building age, size, use type, construction, and energy
performance data for buildings in London. It intended to enrich OSM data through the
use of volunteer citizens who were involved in editing maps. Furthermore, the University
of Saint Joseph [23] conducted an on-site survey for 7122 buildings in Beirut, containing
information on building use, number of floors, and construction year. These kinds of
volunteered data collections are very time-consuming on a city-scale.

An indirect approach is to infer building uses from related datasets. The first indirect
approach is to infer building use or land use based on parcel footprint and building geome-
try data. Hecht et al. [24] presented a supervised classification approach using the Random
Forest algorithm to identify building uses based on five different building footprint infor-
mation types. The study mainly focused on residential buildings, categorized into eleven
types. In contrast, the non-residential buildings were only split into industrial/commercial
buildings and special purpose buildings. It is time-consuming to collect labels for super-
vised learning. Hu and Wang [25] used seven land-use parcel attributes to classify land
use into four types: office, industrial, civic, and transportation. The overall accuracy for
correctly separating parcels into four land-use classes was 61.68%. Therefore, the accuracy
of this geometry-based strategy was slightly low.

A second indirect approach strategy is to obtain building use information from peo-
ple’s mobility data. Zhong et al. [26] inferred building use using household interview travel
survey data and transportation data obtained from the bus smart card system. These survey
data were statistically analyzed to classify different trip activities and define correlations
between travel activities and building uses. The transportation data were used to obtain
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the probability distribution of daily activities at each bus stop. The inverse distance weight
function was used to calculate the probability of a human flow from a bus stop to a nearby
place. The correctness of the proposed methods was around 85%. Niu et al. [27] utilized
the WeChat (a social media app) users’ real-time location records, taxi GPS trajectories data,
point of interest (POI) data, and building footprint data to infer the functions of urban
buildings based on the proposed density-based method. The results showed an overall
detection rate of 72.22% and an accuracy rate of 65%. Pei et al. [28] constructed a vector of
aggregated mobile phone data to characterize land-use types. The vector was composed of
the normalized hourly call volume and the total call volume. Land use was determined
with a detection rate of 58.03%. The personal mobility data can help identify building uses
for limited areas in a city; however, it is difficult to apply the method to a city-scale due to
data shortages.

A third indirect approach strategy is the utilization of GIS-based POI data. The point-
of-interest (POI) is a GIS point with several attributes, including the entity name, entity
category, and entity sub-category. POI data are widely available and can be provided by
many web map services, such as Google Maps, Bing Maps, Baidu Maps, and Gaode Maps.
A POI could contain information for a hotel, a school, a shop, or a company. POI has been
widely used to extract information related to urban functional areas [29] and land use [30].
Building use is at a smaller spatial scale than land use. There are limited studies on building
use determination based on POI. Wang et al. [31] collected POI and building footprint data
and then applied a logistic regression method to identify 2275 commercial buildings in
Nanjing and classify them into three sub-categories: shopping centers, supermarkets, and
specialty stores. Then, dynamic occupant density models were developed for commercial
buildings. Compared with the open data portal and OSM, POI data are satisfactory in
terms of richness. Furthermore, they are updated frequently to better reflect the latest
information about urban buildings, which is convenient. Supervised learning requires a lot
of labeling and training for data, which is acceptable for hundreds of buildings. However,
it will be time-consuming for thousands of buildings in the whole city.

Most previous UBEM studies obtained building use information from direct ap-
proaches, such as the use of datasets or OSM, restricted to specific cities. Some indirect
approaches are limited by data collection and processing. Thus, a rapid and universal
method of building use determination based on open-source data is a better choice for
any city.

This paper introduces a method to determine building use based on building footprint,
POI, and community boundary data from a free map service. Some building uses contain
multiple commercial POIs inside the building footprint, which were further categorized
into subtypes using an unsupervised clustering analysis. A case study was conducted
in the city of Changsha using 68,966 building footprint data, 281,767 POI data, and 3367
community boundary data. Identified office buildings downtown were modeled as a
UBEM case study.

2. Methods

Figure 1 shows the workflow for determining building use based on three GIS-based
datasets: (1) GIS-based data for building footprint, point of interest, and community
boundary of five Changsha city districts were collected; (2) QGIS (a GIS software) [32]
tool was utilized to assign POI and community tags to the building footprint, which
joined each dataset’s features by geographical location; (3) the primary use determination
algorithm was applied to identify the primary building use based on the main attributes;
(4) unsupervised clustering analysis was employed to determine the sub-type of each
building use; (5) a UBEM case study was created, integrating the information of year of
construction and building energy standards. The details of each step are introduced in the
following section.
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Gaode Maps [33] is one of China's most commonly used digital maps, which provides 
open Application Programming Interfaces (APIs) to obtain various geographic data. Fig-
ure 2 shows the building footprints of five districts in 2018 from Gaode Maps, which has 
68,966 polygons, with the number of floors information saved in the shapefile format be-
longing to geospatial vector data. 

POIs of five districts in 2019 were extracted from Gaode Maps by API, resulting in a 
total number of 281,767 after data cleaning. Table 1 shows the category and amount of 
original POIs, which were divided into 11 categories. The number of shopping malls was 
the largest, accounting for 30%. The daily life service, and food and beverage categories 
accounted for 18.6 and 16.9%, respectively. According to the Gaode Maps developer's doc-
umentation, 11 kinds of POIs were further divided into 104 sub-categories and 450 third-
level categories. For example, commercial housing includes second-level categories such 
as buildings and residential buildings. Then, buildings were divided into third-level cat-
egories, such as commercial office buildings and industrial buildings. Each POI has a 
name, district, address, latitude, longitude, and third-level category. 

Figure 1. Research workflow. UBEM: Urban building energy modeling; POI: point-of-interest.

2.1. Introduction of the Case Study Buildings

Buildings in five districts of the city of Changsha were selected for the case study.
Changsha is the capital of Hunan Province, which is located in the central area of China.
Figure 2 shows a topographic map and the building footprints of the case study districts,
including Furong District, Tianxin District, Yuelu District, Kaifu District, and Yuhua District.
The five districts have a total area of 1227 square kilometers and a population of about
3.5 million. The remote areas of Yuelu District, Kaifu District, and Yuhua District are
comprised largely of mountainous and forested areas with few buildings.
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Figure 2. Case study area: five districts in Changsha.

Gaode Maps [33] is one of China’s most commonly used digital maps, which pro-
vides open Application Programming Interfaces (APIs) to obtain various geographic data.
Figure 2 shows the building footprints of five districts in 2018 from Gaode Maps, which
has 68,966 polygons, with the number of floors information saved in the shapefile format
belonging to geospatial vector data.
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POIs of five districts in 2019 were extracted from Gaode Maps by API, resulting in
a total number of 281,767 after data cleaning. Table 1 shows the category and amount of
original POIs, which were divided into 11 categories. The number of shopping malls was
the largest, accounting for 30%. The daily life service, and food and beverage categories
accounted for 18.6 and 16.9%, respectively. According to the Gaode Maps developer’s
documentation, 11 kinds of POIs were further divided into 104 sub-categories and 450
third-level categories. For example, commercial housing includes second-level categories
such as buildings and residential buildings. Then, buildings were divided into third-level
categories, such as commercial office buildings and industrial buildings. Each POI has a
name, district, address, latitude, longitude, and third-level category.

Table 1. The category and amount of original POIs.

Category Sub-category Amount Percentage

Food and Beverages Chinese Food Restaurant,
Ice Cream Shop, etc. 47,522 16.9%

Enterprise Company, Factory, etc. 27,802 9.9%
Shopping Shopping Center, Supermarket, etc. 84,615 30.0%

Finance and Insurance Services Bank, Insurance Company, etc. 4227 1.5%
Science/Culture and
Education Services Museum, School, etc. 18,933 6.7%

Commercial Housing Building, Residential Building, etc. 8501 3.0%
Daily Life Services Travel Agency, Post Office, etc. 52,476 18.6%

Sports and Recreation Sports Stadium, Theatre and
Cinema, etc. 7141 2.5%

Medical Services Hospital, Pharmacy, etc. 9520 3.4%
Governmental Organization and

Social Groups
Governmental Organization,

Social Group, etc. 8976 3.2%

Accommodation Services Hotel, Inn, etc. 12,054 4.3%

Total 281,767 100%

Community boundary refers to land use, where buildings inside the boundary could
be assigned to the corresponding tags. A total of 3367 community boundaries in 2019 were
also obtained, including residential districts, schools, hospitals, retail markets for building
materials and furniture, and industrial parks.

2.2. Assign POI and Community Tags to Building Footprints

Figure 3a shows POI combinations. For POIs inside the buildings, the POI attributes
can be assigned to the buildings directly after a point-polygon intersection, via the function
of “join attributes by location” in QGIS. However, for POIs outside the buildings, a tolerance
analysis needs to be applied that considers spatial inaccuracies. The shortest distance from
the POI to the adjacent polygon boundary was calculated as the distance tolerance. To
determine the tolerance, a district was selected to check whether outside POIs belong to
the buildings, POI attributes were then combined with the building footprints.

Figure 3b shows the community boundary combinations. For buildings inside the
community boundary, the tags were matched to the buildings directly after a polygon-
to-polygon intersection in QGIS. It was also necessary to apply a tolerance analysis for
building footprints located on the boundaries. The percentage of the building footprint
area within the boundary was calculated in a district to obtain the proper percentage that
determines buildings belonging to the community boundary.
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2.3. Primary Building Use Determination

The original POI category was not streamlined for building use determination due to
multilevel sub-categories. Insurance, securities, and law firms were assigned to different
categories, which could also be companies. According to the national standard—Design
Standard for Energy Efficiency of Public Buildings [34], buildings can be divided into
industrial, residential, and public buildings in China. Public buildings are further classified
into office buildings, commercial buildings, hotel buildings, education and health sector
buildings, etc. Therefore, related POIs were picked out to reorganize the original data
in order to identify the abovementioned buildings. The commercial office buildings and
residential buildings from Commercial Housing were selected. The administrative agency
from Governmental Organization and Social Group was selected. The department store,
shopping center, and hypermarket from Shopping were chosen to represent the shopping
mall. The museum and art gallery from Science/Culture and Education Services were
selected to represent the Culture and Art Gallery category. Lastly, 12 categories of POIs
were recombined.

Multiple POIs only have point information without area or volume data. However,
the hotel, shopping mall, commercial office building, culture and art gallery, administrative
agency, residential building, school, and hospital categories can reflect some large buildings’
primary functions; defined as the main attributes. Primary building use is determined
by these main attributes or community tags. As an example, Table 2 shows the number
of each type of POI belonging to a single building. This building has one main attribute
(commercial office building) and no other main attributes, and can therefore be identified
as a commercial office building in terms of its primary building use.

Table 2. The number of 12 categories of POIs inside one building.

Categories Number of
POIs Categories Number of

POIs

hotel 0 school 0

shopping mall 0 hospital 0

commercial office building 1 food and beverage 11

culture and art gallery 0 company 42

administrative agency 0 retail goods 31

residential building 0 recreation 1

Primary building use determination was conducted when obtaining the number of
POIs and tags belonging to each building. Firstly, buildings were separated according
to whether they have main attributes. Then, when there was a single main attribute, the
primary building uses were determined directly. When there were multiple main attributes,
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mixed-use building uses were determined. When there was only a community tag and no
main attribute, the building use was determined based on the corresponding tag.

2.4. Sub-Type Clustering Analysis

Table 2 shows that commercial buildings generally have many business POIs except
for the main attributes. The sub-type clustering analysis is necessary for further building
use classification based on the number of POIs. The sub-type clustering was adopted
to obtain mixed-use buildings and single type buildings classifications, and was applied
when no main attributes and tags were available. The building sub-type refers to buildings
with other functional mixed-uses. The building in Table 2 could be an office building with
retail stores and restaurants.

Clustering analysis is a concept in data mining in which a set of objects are grouped
according to a certain similarity measure. Objects in the same group are similar to those in
other groups (clusters). Clustering is a form of unsupervised learning because there are
no predefined classes and there is no training process. K-means is a common clustering
method which has been widely used in energy use pattern partitioning [35], and archetype
building classification [36], etc. It has the advantages of simplicity and fast convergence,
while having disadvantages related to the local optimum and sensitivity to initial values.
In this paper, K-means was utilized for the numerical dataset.

The Euclidean distance was used as a measure of proximity, as shown in Equation (1).
For buildings with only one main attribute, food and beverages, company, retail goods,
recreation, and the main attribute are prepared for clustering as inputs. For buildings
without main attributes, four other non-main attribute POIs were selected. The number of
clusters requires being predefined. This value was selected based on the Davies–Bouldin in-
dex, which compares the distance between clusters with the size of the clusters themselves.
It can be denoted as displayed in Equation (2).

d(X, Y) =

(
n

∑
i=1

(xi − yi)
2

) 1
2

(1)

DB =
1
k

k

∑
i=1

max
i 6=j

si + sj

dij
(2)

where si is the average distance between each point of the cluster and the centroid of that
cluster, dij is the distance between cluster centroids i and j. It can be seen that the lower the
Davies–Bouldin index, the better the separation between the clusters.

2.5. UBEM Case Study

After the completion of the city building use determination, a UBEM case study for
office buildings in downtown Changsha was created using City Building Energy Saver
(CityBES). CityBES is a web-based platform for urban building energy modeling [37].
CityBES employs EnergyPlus to simulate building energy use and savings from energy
efficient retrofits, considering shading impacts [38]. Figure 4 shows the UBEM case study
workflow. The archetype’s non-geometric information was obtained from the national
building energy standards based on the year of construction. The first comprehensive
energy efficiency design standard for public buildings, GB50189-2005 [34], was enforced
on July 1, 2005. An updated version, GB50189-2015 [39], was activated from October 1,
2015. Therefore, three year-built periods were defined based on the issue time of standards,
namely pre-2005, 2006–2015, and post-2016. Google Earth provides annual historical
satellite images over the past 20 years. The year of construction was determined by
manually comparing the images in different three year-built periods to check when the
building footprints existed.
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Apart from building geometric information, general input parameters were set by
the standard corresponding to the period of construction, such as envelope, operational
schedule, and heating, ventilation and air conditioning (HVAC) system. Other parameter
settings were diverse, such as internal loads, to create different models based on the
building sub-types clustering results.

3. Results

In this section, GIS data spatial analysis results are first shown to assign POIs to
building footprints and connect building footprints with community boundaries. Then, the
results of the primary building use determination and sub-type clustering are presented.
Lastly, the simulation results of 243 office buildings in downtown Changsha are presented
using CityBES.

3.1. GIS Data Spatial Analysis Results
3.1.1. Assign POIs to Building Footprints

There were 165,884 (59%) out of 281,767 POIs inside the building footprints after
a point-polygon intersection. With the increase in distance tolerance, more POIs were
assigned to nearby building footprints. A few sample blocks were selected to check if
outside POIs belonged to nearby building footprints in order to determine proper distance
tolerance. Table 3 shows the variation of accuracy with distance tolerance. The accuracy is
defined as the correct POIs divided by outside POIs within a certain tolerance. There were
958 POIs outside the building footprints in the selected blocks. The accuracy decreases
sharply when the distance tolerance is over 4m. So, a distance tolerance of 4m was used in
this study. Then, 200,054 (71%) out of 281,767 POIs were assigned to building footprints
in the city. There were 21,364 (31%) out of 68,966 building footprints with one or more
POI. However, about 60,000 (21%) POIs were still more than 10m away from the building
footprints. Most of these POIs were located in rural areas where building footprint data
are incomplete.

Table 3. The accuracy of outside POIs with a distance tolerance.

Distance
Tolerance

Number of POIs within
a Distance Tolerance

Number of POIs Belonging
to Buildings Accuracy

1 m 226 204 90.3%
2 m 386 351 90.9%
3 m 473 431 91.1%
4 m 540 482 89.3%
5 m 592 496 83.8%
6 m 631 510 80.8%

3.1.2. Building Footprints within Community Boundaries

After a polygon-to-polygon matching process, there were 40,805 building footprints
inside the community boundaries. There were another 5048 building footprints that
partially intersected with the community boundaries. The percentage building footprint
area within the community boundary was defined. A few sample blocks were selected to
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determine the proper percentage tolerance. Table 4 shows the variations in accuracy with
the percentage tolerance. The accuracy is defined as the correctly individuated buildings
divided by intersected buildings within a certain tolerance. There were 675 building
footprints intersected with the community boundary in the selected blocks. The accuracy
is less than 90% when the percentage tolerance is under 70%. So, a percentage tolerance of
70% was used in this study. Then, 3026 out of 5048 building footprints were considered
to be within the community boundaries. Therefore, there are 43,831 building footprints
within the community boundaries in total.

Table 4. The accuracy of buildings intersected with the boundary with percentage tolerance.

Percentage
Tolerance

Number of buildings within
a Percentage Tolerance

Number of Buildings
Belonging to Communities Accuracy

90% 284 266 93.7%
80% 321 294 91.6%
70% 344 311 90.4%
60% 363 319 87.9%

3.2. Primary Building Uses

A total of 51,650 out of 68,966 building footprints contained POIs or tags. Table 5
shows the detailed results of building uses through main type determination. Most building
uses are residential buildings. Moreover, 35,186 buildings with residential POIs or tags
were split into residential buildings and commercial–residential mixed buildings. A total
of 835 were identified as commercial–residential buildings as they contained POIs with
main attributes, such as commercial office buildings or hotels. A total of 5363 schools
were found, representing the majority of commercial buildings. Additionally, there were
960 hotels, 649 hospitals, 602 government office buildings, 393 commercial office buildings,
etc. There were 483 building footprints with at least two main attributes, including 288 hotel-
office mixed buildings, 53 hotel-shopping mall mixed buildings, 10 office-shopping mall
mixed buildings, 18 hotel-office-shopping mall mixed buildings, and 114 other mixed-
use buildings.

Table 5. Primary building use determination results.

Building Use Number of Buildings

Residential building 34,448
Commercial-residential mixed building 835

Commercial office building 393
Hotel 960

Shopping mall 91
School 5363

Hospital 649
Culture & art gallery 62

Government office building 602
Hotel-office mixed building 288

Hotel-shopping mall mixed building 53
Office-shopping mall mixed building 10

Hotel-office-shopping mall mixed building 18
Other mixed-use building 114

Industrial 584
Retail 964

Tourist 1351

3.3. Building Sub-Types Clustering

Some buildings only contain a main attribute and one or two other POIs, such as a
culture and art gallery, school, hospital, and government office building, which do not
require further classification. Sub-type clustering was adopted for residential buildings,
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commercial office buildings, hotels, buildings without main attributes and tags because
they contain numerous business POIs.

There were 34,448 building footprints for residential sub-type clustering. Figure 5
shows the share of the means of POI categories in each cluster and the number of each group.
Five kinds of POIs are listed because of no other POIs. The company’s share is the highest
in Cluster 2, so these buildings can be identified as residential–office mixed buildings. The
share of retail goods is highest in both Cluster 3 and Cluster 4; these buildings can be
identified as residential buildings with retail stores on the first floor. The share of food and
beverages is highest in both Cluster 5 and Cluster 6; these buildings can be identified as
residential buildings with restaurants on the first floor. The residential building’s share is
the highest in Custer 1, showing that these buildings have little commercial activities.Energies 2020, 13, x FOR PEER REVIEW 10 of 18 
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Figure 5. Residential sub-type clustering.

There were 393 building footprints with a single main attribute of commercial office
building. Figure 6 shows the results of clustering. The company’s share is highest in Cluster
1 and Cluster 2; these buildings can be identified as office buildings for lease. The share of
retail goods is highest in Cluster 3; these buildings can be identified as office buildings with
retail stores on the first floor. The share of retail goods and food and beverages is greatest
in Cluster 5; these buildings can be identified as office buildings with retail and restaurants
on the first floor. The means of each kind of POI are very low in Cluster 4 (value of one),
thus, these buildings can be regarded as enterprise office buildings.

There were 4849 building footprints with no main attributes or tags. Figure 7 shows
the results of seven groups. The company’s share is highest in Cluster 1 and Cluster 2;
these buildings can be identified as commercial office buildings. The share of retail goods
is highest in Cluster 3 and Cluster 4, but the mean of retail goods in Cluster 3 (value of
21) is much higher than Cluster 4 (value of five). Thus, Cluster 3 (26 buildings) can be
identified as shopping malls, while 147 buildings from Cluster 4 can be identified as retail
stores because the number of floors is less than three. The share of food and beverages is
highest in both Cluster 6 and Cluster 7, therefore, 384 of these buildings can be identified
as restaurants because the number of floors is less than three. The means of each kind
of POI are very low in Cluster 5 (value of one), therefore, 3646 of these buildings remain
unidentified due to lack of obvious commercial characteristics.
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Figure 7. Buildings with no main attribute clustering.

Table 6 shows the building sub-type results, with the number of clusters based on the
Davies–Bouldin index. For residential buildings, Cluster 1 covers most of the residential
buildings, with few commercial activities. When residential buildings have a high share of
retail or catering activities, retail stores or restaurants on the first floor are assumed, such
as Clusters 3 and 5. For commercial office buildings, Clusters 1, 2, and 4 mainly include
company and commercial office building POIs, which can be considered as office only
buildings; while Clusters 3 and 5 have some retail and food services. For hotel buildings,
Cluster 4 has features that are common to hotels. For buildings with no main attributes or
tags, office buildings for lease, shopping malls, retail stores, and restaurants were identified
based on their characteristics.
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Table 6. Building sub-types summary.

Primary Building Use Clusters Number of
Buildings Building Sub-Type Description

Residential building

Cluster 1 29,873 Residential building
Cluster 2 47 Residential–office mixed building

Clusters 3, 4 1409 Residential building with retail stores on the first floor
Clusters 5, 6 3119 Residential building with restaurants on the first floor

Commercial office
building

Clusters 1, 2 70 Office building for lease
Cluster 3 4 Office building with retail stores on the first floor
Cluster 4 305 Enterprise office building

Cluster 5 14 Office building with retail and restaurants on the first
floor

Hotel

Clusters 1, 2 28 Hotel–office mixed building

Cluster 3 65 Hotel with retail stores
on the first floor

Cluster 4 717 Hotel

Clusters 5, 6 150 Hotel with restaurants
on the first floor

Building with no main
attributes

Clusters 1, 2 58 Office building for lease
Cluster 3 26 Shopping mall
Cluster 4 147 Retail store
Cluster 5 3646 Unidentified

Clusters 6, 7 384 Restaurant

3.4. Validation

The method inferred the building use for 47,428 buildings from 51,650 building
footprints with POIs or tags information, and the detection rate reached 69% among 68,966
building footprints. A sample area of 7895 building footprints in the downtown area was
selected to verify the building use identification accuracy, as shown in Figure 2. The street
view from Baidu maps and satellite imagery was used to determine the sample area’s
actual building uses. Table 7 shows the validation results of different building uses. The
detection rate was defined as the number of identified buildings divided by the actual
number of buildings. The accuracy was defined as the number of correct buildings divided
by the number of identified buildings. There were 7514 buildings considered among
7895 building footprints after the validation. The other 381 building footprints were not
discussed because most of them were parking lots, public toilets, demolished buildings,
etc. The method identified 5590 buildings among 7514 buildings, and 4794 buildings had
the correct types.

In summary, the overall detection rate was 74%, with an overall accuracy of 86%. The
high detection rate of residential buildings, commercial–residential mixed buildings, hotels,
shopping malls, schools, hospitals, and mixed-use buildings showed that the method could
identify these buildings well. The high accuracy of detection for residential buildings,
commercial office buildings, hotels, government office buildings, schools, and hospitals
showed that the method was feasible for determining these buildings with POI or tag
information. The detection rate and accuracy of others (retail, industrial, restaurant, tourist
building) were both low, showing that these building uses could not be identified well.
Moreover, there were still 2305 building footprints unidentified. A total of 1407 of them
were residential buildings, 154 of them were parking lots, demolished buildings, etc. A
total of 122 were retail, industrial, restaurant, and tourist buildings. A total of 133 were
government office buildings, 129 were commercial office buildings, 103 were hotels, etc.
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Table 7. The validation results of building use determination.

Building Use Number of
Buildings

Number of Identified
Buildings

Number of
Correct Buildings

Detection
Rate Accuracy

Residential building 5100 3947 3594 77.4% 91.1%
Commercial–residential

mixed 94 101 55 100% 54.5%

Commercial office 319 173 129 54.2% 74.6%
Hotel 383 301 214 78.6% 71.1%

Shopping mall 51 39 22 76.5% 56.4%
Government office 312 153 114 49.0% 74.5%

School 287 222 201 77.4% 90.5%
Hospital 206 192 179 93.2% 93.2%

Culture and art gallery 37 16 11 43.2% 68.8%
Mixed-use building 300 223 146 74.3% 65.5%

Others 425 223 129 52.5% 57.8%

3.5. UBEM Case Study

After building use determination and validation had been completed, 129 correct
commercial office buildings and 114 correct government office buildings in the downtown
sample area were selected as a UBEM case study. Figure 8 shows the distribution of
243 office buildings in the CityBES.
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Figure 8. Office buildings in downtown Changsha.

A total of 243 office buildings were divided into three groups for modeling, based on
the sub-type clustering; namely, office buildings, office buildings with retail stores on the
first floor, office buildings with retail and restaurants on the first floor. Table 8 shows the
general input parameters used in the office space, referring to the national standards in
different periods. For retail stores and restaurants on the first floor, internal loads were set
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differently from office spaces, such as lighting power density, occupancy density, electronic
and gas equipment power density.

Table 8. The input parameters used in office space.

Parameters Pre-2005 2006–2015 Post-2016

Lighting power density (W/m2) 25 11 9
Equipment power density (W/m2) 25 20 15

Occupancy density (person/m2) 0.125 0.125 0.125
Roof U-value (W/m2·k) 1.5 0.7 0.45
Wall U-value (W/m2·k) 2 1 0.7

Window U-value (W/m2·k) 6.4 3 2.6
Window solar heat gain coefficient (SHGC) 0.65 0.5 0.4

Chiller coefficient of performance (COP) 4.2 5.1 5.6
Boiler heating efficiency 0.55 0.89 0.9

Heating setpoint (°C) 20 20 20
Cooling setpoint (°C) 26 26 26

Figure 9 shows the distribution of energy use intensity (EUI) in three periods. For
buildings built before 2005, the electricity EUI and natural gas EUI are much higher than
others, with an average of 181.5 and 81.9 kWh/m2/year, respectively. Table 9 shows
the energy use intensity of specific building uses. The averaged electricity EUI in office
buildings with retail stores or restaurants is higher than general office buildings, due to
functional mixed use. However, restaurants on the first floor have a relatively small impact
on the averaged natural gas EUI, owing to a limited number of buildings.
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Table 9. The energy use intensity of specific building uses.

Building Use Number of Buildings Averaged Electricity EUI*
(kWh/m2)

Averaged Natural Gas EUI
(kWh/m2)

Office building 233 174.2 75.1

Office building with retail
stores on the first floor 4 182.5 31.5

Office building with retail and
restaurants on the first floor 6 186.7 45.4

Note: EUI–energy use intensity.
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4. Discussion

According to the determination results, it was concluded that 47,428 buildings were
identified successfully by the method, corresponding to about 69% of the 68,966 building
footprints. Looking at the other 31% unidentified building footprints through satellite maps,
most of them are old residential buildings, having no concept of community boundary at
that time. In addition, the POIs provided by Gaode maps contain little data about residential
buildings. Given the regular shape of residential buildings, we plan to investigate the
geometrical size, number of floors, and floor area, using supervised learning methods
to identify these buildings for further detection rate improvement. Changsha Statistical
Yearbook [40] reported that—up to 2017—the residential gross floor area was 186,171,900
square meters in five districts. The determination results show that 34,401 residential
buildings, and 160,358,596 square meters of the gross floor area is estimated by multiplying
building footprint areas by the number of floors, indicating an acceptable result reaching
86% of the statistical data. One reason for the deviation is that many old residential
buildings were individually built without the community boundaries and could not be
identified in the proposed method. Another reason, is that there are still 565 residential
community boundaries located in remote areas, containing no building footprints. We
will continue to update building footprints from other sources. For example, Tianditu
Map [41] is China’s first official web mapping service, launched by China’s State Bureau of
Surveying and Mapping, which has more complete building footprints in remote regions.

According to the sub-type clustering results, some commercial mixed-use buildings
were identified in addition to the primary uses of residential buildings, commercial office
buildings, and hotels. This step was not introduced in most of the existing building use
determination studies. However, the proportion of commercial mixed-use buildings is
relatively small, and we will focus on representative buildings as the main survey of
archetype buildings. In addition to building use, archetype building identification requires
furtehr information, such as building owner, age class, shape, and physical features [42],
etc. We will continue to characterize the archetype buildings in future studies.

Based on the validation results, the overall detection rate of the selected sample area
is 74%. We found that 61% of the 2305 unidentified buildings are residential buildings that
were built very early. For detailed building uses, such as government office buildings, the
low detection rate could be due to the fact that some district-level government agencies
have many buildings but only one POI. The POI provided is mainly a point representing
the entire area. The low detection rate of commercial office buildings and culture and art
galleries due to the fact that they contain multiple building footprints. Most of the POIs are
within the main parts so that the adjacent parts miss the information. In the future, we will
develop the method to determine whether adjacent building footprints belong to the main
parts or to other buildings. The overall accuracy of the selected sample area is 86%, which
is an acceptable result compared with previous work examined in the literature review
(61.68~85%). However, commercial–residential mixed buildings, shopping malls, and other
(retail, restaurant, industrial, tourist) types demonstrated a low accuracy. One reason for
this is that some POIs provided by the map are wrong. Some outside POIs or community
tags were assigned to buildings that—considering the tolerance—do not belong to them.

The year of construction of urban buildings may not be publicly available and is
often hard to obtain. Therefore, we used historical satellite images to manually determine
243 buildings at present. In the future research, the high-resolution satellite images (Ikonos,
WorldView, QuickBird satellite, etc.), acquired at specific spectral bands and in different
years, could be compared automatically by a machine learning algorithm, as a solution
to determine the year of construction. Moreover, some housing websites contain the year
of construction of residential buildings and some commercial buildings, which are good
resources to determine the year of construction for our future research. The simulation
results show that for buildings built before 2005, the annual electricity use intensity and
the natural gas use intensity are much higher than others as there was no energy saving
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standard to limit usage in that period. Retail stores or restaurants on the first floor lead to
higher energy consumption because of the mixed use nature of these buildings.

5. Conclusions

The case study successfully demonstrated the effectiveness of the novel building use
determination method at the city-scale based on POI and community boundary GIS data.
The main conclusions are summarized as follows:

• Considering GIS data spatial inaccuracies, it is important to obtain the appropriate
tolerance to include more outside POIs or buildings.

• Through primary use determination and sub-type clustering analysis, the building
uses of 47,428 buildings were successfully identified; about 69% of the 68,966 building
footprints. The validation results of 7895 sampled building footprints showed an
overall accuracy of 86%, which was acceptable based on the limited information used.

• A total of 243 office buildings in the downtown area were divided into three groups
for UBEM based on the office building sub-type clustering results.

This research styudy tested the proposed method in thousands of buildings in five
districts in Changsha. The method effectively provides data support for UBEM and can
be applied to other cities. The method will be updated and integrated with supervised
learning methods to improve the detection rate and accuracy. The automatic comparison
of historical aerial imagery will be completed to determine the year of construction for
buildings and energy modeling at a larger scale in the future.
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