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A B S T R A C T

Urban functional region classification plays an important role in urban planning, resource management and
sustainable development. While previous studies have solely focused on delineating regions by urban mor-
phology or deriving functional types from human activities, the sufficient depiction and integration of these
characteristics are seldom discussed. This paper inherently considers both urban morphology and human ac-
tivities to classify urban functional regions. Building-based and region-based landscape metrics derived from
building-level blocks are delineated to measure urban morphology, while socioeconomic features are extracted
from crowdsourced data related to human activities using a topic model and semantic scaling method. These
characteristics are then fused by applying random forest to measure different functions. This approach is tested
in Futian district, Shenzhen, Guangdong. The result shows an overall classification accuracy of 0.818, ap-
proximately 0.15 higher than that utilising only landscape metrics or only socioeconomic features. This result
indicates the effectiveness of the delineated characteristics to depict urban landscapes and socioeconomic in-
formation and the reliability of integrating these features for urban functional region classification.

1. Introduction

Urban functional regions refer to the areas in which human activ-
ities occur, including residential, commercial, and industrial land. They
serve as an essential indicator in designing urban environments,
managing natural resources, and detecting rapid urbanisation
(Anderson, 1976; Treitz, Howarth, & Gong, 1992; Wentz, Stefanov,
Gries, & Hope, 2006). Classifying urban functional regions is crucial for
uncovering the characteristics of urban cities, which comprise not only
urban regions delineated from physical properties but also socio-
economic functions driven by human activities (Pei et al., 2014;
Xiuyuan, Zhang, Du, & Wang, 2017).

Significant progress has been made in sensing physical properties to
depict urban forms. Conventionally, this relies heavily on remote sen-
sing images, where spectral and textural characteristics are extracted
for presenting urban land use information (Lu & Weng, 2006; Weng,
2012). Current analyses of functional region detection focus on three
levels of perspectives, namely, pixel, object and scene-based classifi-
cation (Gong & HOWARTH, 1990; Ma et al., 2017; Xiuyuan, Zhang &
Du, 2015). Although the pixel and object-based classification ap-
proaches have gained popularity in deriving land cover features, they
fail to capture detailed functional information because of the complex

urban form (Hu, Yang, Li, & Gong, 2016). On the other hand, scene-
based classification shows advantages in identifying urban functional
patterns (Xiuyuan, Zhang & Du, 2015). However, it can only decompose
and measure the whole picture of the mixed scenes, whereas detailed
urban morphology, which is often strongly correlated with the func-
tional type, cannot be captured (Vanderhaegen & Canters, 2017).

In fact, remotely sensed images can to some extent reveal the
morphology of urban regions, which is defined as the presence, size,
shape and spatial distribution among urban landscapes, including dif-
ferent constructed and open spaces. Quantifying landscapes with ef-
fective metrics may help improve the delineation of urban morphology.
The relationship between urban landscapes and functions have been
discussed in many studies (Baus, Kováč, Pauditšová, Kohutková, &
Komorník, 2014; Li, Peng, Yanxu, & Yi'na, 2017; Van de Voorde et al.,
2016). Typically, building-level blocks are one of the vital aspects in
functional regions (Steiniger, Lange, Burghardt, & Weibel, 2008). Many
studies have investigated the potential of buildings with different me-
trics in urban patterns analysis. Wu et al. (2018) proposed an Extended
Minimum Spanning Tree method to describe both spatial proximity and
building characteristics to discover local urban patterns. In addition,
Chen, Xu, and Devereux (2014) and Liu, Hu, and Li (2017) have de-
signed 2- and 3-dimensional scales of landscape metrics to effectively
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reflect building structures. The landscape metrics proposed for build-
ings enable further investigations into functional regions. For example,
urban block perimeters vary among different functional types: in-
dustrial and public regions usually compromise a low density of large
individual buildings, while residential regions often contain continuous
blocks with small areas, which leads to a much larger value of the
perimeter. In fact, an attempt has been made to distinguish different
functional regions with building-based metrics (Vanderhaegen &
Canters, 2017), proving the ability to describe urban landscapes and to
detect functional regions. Despite the achievement of depicting the
ground components in urban regions, the functional types that are
highly influenced by the interaction between environmental landscape
and human activities have not been further explored (Tu et al., 2017).

The massive amounts of crowdsourced data, such as points of in-
terest (POIs), social media data, trajectories and mobile phone signals
potentially provide information about human activities and socio-
economic information, which have been investigated to indicate urban
functions in many studies (Yu et al., 2015; Zheng, Capra, Wolfson, &
Yang, 2014). Yuan, Zheng, and Xie (2012) employed POIs and human
mobility to infer functional regions by identifying the distributions of
mobility patterns. Gao, Janowicz, and Couclelis (2017) analysed the
cooccurrence patterns of POI types to discover functional regions at a
semantic level. Semantic information in crowdsourced data can reflect
socioeconomic features such as commercial, industrial and residential
information, which are considered significant indicators of urban pat-
terns. Yao, Li et al. (2017) proposed a POI-based framework to extract
semantic information using a Word2Vec model for sensing functional
types. Lansley and Longley (2016) introduced the latent
Dirichlet allocation (LDA) topic model to mine functional distributions
using Twitter messages. However, due to the spatial heterogeneity of
crowdsourced data (Fonte, Bastin, See, Foody, & Lupia, 2015), regions
containing less human activities can hardly be differentiated without
identifying urban morphology (e.g., people seldom post activity in-
formation or generate points of interest in undeveloped open regions);
thus, capturing only socioeconomic features cannot meet the require-
ment of effectively detecting urban functions.

Therefore, combining both urban morphology and human activities
has the potential to effectively reveal urban functions. Previous studies
have attempted to fuse remote sensing images and crowdsourced data
to monitor land cover/land use applications. Liu et al. (2017) proposed
a land use word dictionary by extracting natural features from high
spatial resolution images and semantic features from social media data.
Hu et al. (2016) generated urban functional regions based on the spatial
distribution of POIs and on spectral information from satellite images.
Moreover, a recent attempt has been made to measure both landscape
patterns and human activities from remote sensing images and cell
phone data (Tu et al., 2018). Since they delineated functional zones
based on regular grids with 2000-m resolution using only four land-
scape metrics, the urban morphology, which is highly related to the
community or building scale, cannot be captured.

Although these studies have integrated both physical properties and
socioeconomic information, which result in significant improvements of
the functional region classification, challenges still remain in the fol-
lowing aspects. First, they simply extracted and fused a variety of
natural features from remote sensing images and failed to quantitively
measure the landscape to describe the detailed urban morphology.
Second, as crowdsourced data are usually generated irregularly with
spatial heterogeneity, effectively quantifying indicators is required to
relate the unorganised information with certain functional types. Third,
the integration of urban landscapes and socioeconomic information to
better delineate the functional regions remains undiscussed.

Faced with the above issues, this paper proposes a functional region
classification approach by integrating landscape metrics and socio-
economic features, which includes three major steps. In the first step,
landscape metrics are adopted to capture urban physical properties.
Particularly, metrics with both building level and functional region

level are considered in order to obtain comprehensive descriptions of
urban landscapes at a fine scale. In the second step, a variety of se-
mantic information from crowdsourced data is automatically calculated
for characterising socioeconomic patterns. Faced with the spatial het-
erogeneity of crowdsourced data, semantic scaling is proposed to nor-
malise semantic information and extract socioeconomic features.
Finally, by utilising both landscape metrics and socioeconomic features,
random forest is applied to gain better insight into the diversity of
functional types.

The major advantage of the methodology is that it inherently in-
tegrates landscape and socioeconomic characteristics. In particular, by
calculating landscape metrics from building-level blocks and extracting
function-related topics via crowdsourced data, the presented approach
not only delineates the underlying urban morphological and social
properties of urban forms but also provides an initial insight into
identifying different functional types. To validate the presented ap-
proach, an analysis of variance is proposed to evaluate the contribution
of each landscape metric and socioeconomic feature to functional re-
gion classification. Furthermore, comparative experiments are pro-
posed utilising solely landscape metrics and socioeconomic features to
prove our hypothesis.

The contributions of our work involve three main aspects. First,
urban regions are delineated by extracting physical properties from a
landscape perspective. We quantify the spatial morphology of urban
regions by constructing building-based and region-based metrics.
Second, functional types are determined by socioeconomic features
derived from crowdsourced data. By calculating different topics using
the topic model and a semantic scaling method, socioeconomic in-
formation can be viewed from the perspective of human activities and
shows potential to be applied as one of the effective data sources for
urban function arrangement. Third, we inherently consider landscape
metrics and socioeconomic features to automatically identify different
urban functions. As most studies mainly focused solely on urban land-
scape or social information, the combination of both can give a better
understanding of functional region classification.

The remainder of this paper is organised as follows. In Section 2, the
methodology for functional region classification is presented con-
sidering both landscape metrics and socioeconomic features. Section 3
introduces the study area and experimental data. The classification
results are presented in Section 4. The utilisation of experimental data,
the selection of both landscape metrics and socioeconomic features, and
the identification of mixed function regions are discussed in Section 5.
Section 6 concludes the presented work and discusses future studies.

2. Methodology

2.1. Overview

The framework of urban functional region classification is displayed
in Fig. 1, including three major steps. In the first step, we utilise
building-level blocks to delineate the urban morphology (Section 2.2).
In particular, the basic measurement of building-level blocks consists of
four indices including the building area, edge, height and structure
(Section 2.2.1). These indices are combined for calculating building-
based metrics and region-based metrics (Section 2.2.2). The constructed
landscape metrics are used to delineate physical properties from the
landscape perspective, capture urban morphology information, and
further provide essential natural characteristics for functional region
classification.

In the second step, crowdsourced data are used to extract socio-
economic information (we choose POIs as crowdsourced data in the
following experiment) (Section 2.3). First, using an LDA (latent
Dirichlet allocation) topic model, we mathematically extract topics
containing words with probabilities from crowdsourced data. Specifi-
cally, the number of topics is determined by a perplexity algorithm,
with a lower perplexity value representing a more appropriate topic
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number (Section 2.3.1). Then, function-related topics are selected by
inferring words with high probabilities. Finally, we propose a semantic
scaling method to group topics belonging to the same function, in
which the probabilities are scaled to [0,1] (Section 2.3.2). The grouped
topics in each functional type are considered as socioeconomic features

and will be further used for identifying urban functions from the per-
spective of human activities.

In the third step, we automatically classify functional regions based
on the characteristics of urban morphology and human activities
(Section 2.4). More specifically, a random forest model is utilised to
inherently integrate both landscape metrics and socioeconomic fea-
tures. In the model, two parameters are required to be pre-defined,
including the number of features used at each node to generate a tree
and the number of trees to be grown. As a result, models with different
combinations of parameters are evaluated to improve the classification
accuracy.

2.2. Delineation of the landscape metrics

To delineate urban landscape characteristics from building-level
blocks, effective measurements are proposed in Section 2.2.1, along
with utilising these measurements to calculate landscape metrics in
Section 2.2.2.

2.2.1. Utilisation of building-level blocks
Generally, basic measurements are needed for capturing landscape

morphology. Therefore, utilising building-level blocks, four indices are
utilised for measurement in each functional region, including building
area, building edge, building height and building structure. Fig. 2 il-
lustrates some typical samples of the four indices. It should be noted
that while building height and structure are available in the experi-
mental data in Section 3, building area and edge are spatially calculated
from this data source. Moreover, there is a variety of available data
containing urban landscape information, which will be discussed in
Section 5.1.1.

2.2.1.1. Building area. Building area is used to explain the extent to
which functional regions are being occupied with building-level blocks.
Fig. 2(a) shows the measurement of building area, in which the regions
in red define the target area. Generally, many of the residential and
commercial lands contain larger building areas, while building areas on
public lands are relatively lower. By including buildings in the same
functional region, landscape metrics such as total building area, mean
building area, standard deviation and maximum building area can be
considered and delineated.

2.2.1.2. Building edge. Building edge is defined as the length of outlines
in building-level blocks, which is introduced to demonstrate their shape
complexities. As shown in Fig. 2(b), the red lines highlight the length to
be measured. Given the same building area, a longer building edge
length usually has a more complex shape. General metrics including

Fig. 1. Framework of the urban functional region classification process.

Fig. 2. Typical samples for building-level block measurement. (a) Building area. (b) Building edge. (c) Building height. (d) Building structure.
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total building edge, mean building edge and standard deviation can be
proposed. Furthermore, the landscape shape index (LSI) is also
considered based on the building length for functional region
classification.

2.2.1.3. Building height. Although building compositions are well-
measured in the horizontal direction based on building area and
building edge, landscape metrics require further investigation in the
vertical direction. In general, buildings are usually designed with
variable height levels to meet the needs of different functional
regions. For example, buildings used for residence in a central city
usually contain more floors and are thus much taller, while industry-
based buildings are designed to be shorter. Accordingly, building height
is considered another measurement for landscape metric delineation. A
typical sample of building distribution with variable height is shown in
Fig. 2(c). Mean building height and standard deviation are considered
effective landscape metrics, as well as building structure index
proposed by Chen et al. (2014).

2.2.1.4. Building structure. Due to the existence of variable building
structures in different functional regions, six kinds of building
structures are introduced, including frame-shear wall structure, frame
structure, composite structure, masonry structure, tube structure, and
steel structure. Fig. 2(d) displays the distribution of buildings with a
variety of structural materials, where one can see the dissimilarity of
the dominant building structure in each of the functional regions.

2.2.2. Delineating landscape metrics from building-level blocks
Based on the measurement of building-level blocks, 18 metrics are

considered for describing the urban form in a landscape perspective.
Table 1 provides an overview of the proposed metrics, which are di-
vided into building-based metrics and region-based metrics.

2.2.2.1. Building-based metrics. By measuring the building area, five
landscape metrics including total building area, percentage of building
area, mean building area, maximum building area, and building area
standard deviation can be calculated in each of the functional regions
(Table 1). Total building area is defined as the sum of the building area
in the same function region. It is the same case for mean building area,
maximum building area and building area standard deviation, where
the mean value, maximum value and standard deviation are calculated.
For the percentage of building area, the ratio of the total building area
to the functional region area is calculated to analyse building
distribution.

In addition, the number of buildings in each functional region is
counted to delineate the two landscape metrics of total building number
and building density. In particular, building density is defined as the

ratio of total building number to functional region area.
Regarding building edge, three landscape metrics including total

building edge, mean building edge, and building edge standard devia-
tion are employed for characterising the urban landscape. Total
building edge is calculated by summing the length of the buildings in
the same functional region, while the mean value and standard devia-
tion are obtained for the last two metrics.

In terms of measuring building height, four landscape metrics in-
cluding mean building height, building height standard deviation,
mean building structure index and building structure index standard
deviation are proposed. The first two metrics are obtained by calcu-
lating the mean value and standard deviation of the total building
height in each of the functional regions. It is the same with the last two
metrics, in which building structure index is calculated as follows (Chen
et al., 2014):

=Building structure index
Building area

Building height (1)

As for measuring building structure, six kinds of structural materials
discussed in Section 2.2.1 are considered as another landscape metric.
In particular, the structural material that is most used in one functional
region is considered the dominant type to indicate this metric.

2.2.2.2. Region-based metrics. Three landscape metrics, mean patch
fractal dimension, degree of landscape division and landscape shape
index, are considered to explore the spatial distribution and
relationship between functional regions and the building locations.
Mean patch fractal dimension provides information on the irregularity
of building distribution in functional regions, in which fractal
dimension is calculated as follows (McGarigal & Marks, 1995):

=
∗ P

A
Fractal dimension 2 ln

ln (2)

since fractal dimension is utilised to describe building-level landscape,
variables P and A are defined as the edge and area of a typical building,
respectively. In addition, an average value is computed for all buildings
in each of the functional regions as the mean patch fractal dimension.

Degree of landscape division, proposed by Jaeger (2000), is used to
describe the probability that two randomly chosen buildings in the
same functional region are located in the same dissected region. It is
defined as:
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where D refers to the degree of landscape division. n indicates the total
number of buildings in each functional region. Ai and Af refer to the
area of the ith building and the corresponding functional region, re-
spectively.

Landscape shape index (Patton, 1975; Rutledge, 2003) is employed
to characterise the spatial heterogeneity of buildings in functional re-
gions, which can be derived as:
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where LSI presents the value of the landscape shape index. In general,
more complex building distributions will have a larger LSI value. Pi and
Ai refer to the edge and area of the ith building in one functional region,
separately.

2.3. Extraction of the socioeconomic features

Although functional regions have been characterised with landscape
metrics, the socioeconomic information still needs to be explored.
Crowdsourced data usually contain massive amounts of text messages
for capturing socioeconomic features. However, effective methods are

Table 1
Landscape metrics delineated from building-level blocks.

Building-based metrics Total building area
Percentage of building area
Mean building area
Maximum building area
Building area standard deviation
Total building number
Building density
Total building edge
Mean building edge
Building edge standard deviation
Mean building height
Building height standard deviation
Mean building structure index
Building structure index standard deviation
Structural material

Region-based metrics Mean patch fractal dimension
Degree of landscape division
Landscape shape index
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necessary for text modelling. Furthermore, the proportions of these
messages corresponding to each kind of functional region are far from
balanced, as commercial-related information usually occupies a large
proportion of the data (Lloyd & Cheshire, 2017). Faced with these is-
sues, semantic information is calculated from crowdsourced data using
the LDA topic model in Section 2.3.1. To eliminate the influence of the
uneven proportion of semantic information, a semantic scaling method
is proposed in Section 2.3.2.

2.3.1. Calculating semantic information using the LDA topic model
Crowdsourced data with text messages are challenging to model

because no standard principles exist to restrict unorganised texts. Some
studies tried to utilise a list of words or to calculate word frequency for
text modelling (Michelson & Macskassy, 2010; Yao et al., 2017) and
ignored mining the potential semantic information. The LDA topic
model is designed to generate the main topics and investigate latent
semantic information inferred from the text (Blei, Ng, & Jordan, 2003).
It has been extensively applied in the field of natural language pro-
cessing and has gained satisfactory results in mining urban function
information (Lansley & Longley, 2016; Ríos & Muñoz, 2017).

Given the smoothing parameters α and β, LDA assumes that k topics
are associated with N words in the document corpus D. Each document
d exhibits the patterns of topics with different proportions, and each
topic contains a set of words with a variety of distributions.

∏=
=

θ z w θ θp α β p α p z p w z β( , , | , ) ( | ) ( | ) ( | , )
n

N

n n n
1 (5)

where w and z represent a set of words and the inferred topics, re-
spectively, in each document d. θ refers to the proportions of topics in
document d.

In this context, each functional region is regarded as a document.
Every word in the crowdsourced data is given a probability of falling
within the generated topics, and each topic contains a certain propor-
tion of the functional regions. Based on this topic-generated model, it is
necessary to determine the appropriate topic number k. We follow the
perplexity algorithm in (Blei et al., 2003) for the topic number eva-
luation, with a lower perplexity value representing better performance.
Nevertheless, the selected topic number is not always strongly related
to human judgement (Chang, Gerrish, Wang, Boyd-Graber, & Blei,
2009; Contreras-Piña & Ríos, 2016), and thus, effective measures are
required to modify topics corresponding to each of the functional types.

2.3.2. Extracting socioeconomic features with semantic scaling
To extract socioeconomic features based on the semantic informa-

tion in Section 2.3.1, two challenges should be settled first. One is
eliminating the negative effect of perplexity when the number of topics
does not fully correspond to the functional types. The other is gen-
eralising the uneven proportions of topics in each functional type.
Consequently, a semantic scaling method is proposed to solve these
problems and thus obtain socioeconomic features for functional region
classification.

Faced with the first challenge, each topic is evaluated to ensure its
representativeness. The semantic information in the topics can be
constructed from those words with highest probabilities. Thus, only
topics related to each of the functional types are selected, while others
are removed from this study.

Regarding the second problem, the probabilities of the remaining
topics in each document are extracted for semantic scaling. Topics
corresponding to the same type in one functional region are grouped,
with their probabilities being summed and averaged as follows:

=
∑ =P f

P f

n
( )

( )
i

j
n

i
j

1

(6)

where P f( )i presents the averaged probability of topics related to
functional type f in the ith functional region. Pij(f) and n indicate the

probability of the jth topic and the total number of topics corresponding
to functional type f in the ith functional region, respectively. As a result,
each functional type is connected to a specific probability, which is
derived from the calculated topics. Then, these averaged probabilities
in the same functional region are scaled to [0,1], in which the scaled
probabilities are considered as socioeconomic features for functional
region classification.

′ =
−

−
P

P
P P

P f min
min

( ) ( )
max( ) ( )i

i i

i i (7)

where ′Pi indicates the vector of scaled probabilities of all functional
types in the ith functional region. The number of values in vector ′Pi
equals the quantity of functional types. Pmax ( )i and Pmin ( )i refer to the
maximum and minimum value of the vector of averaged probabilities in
the ith functional region, respectively.

2.4. Functional region classification with landscape metrics and
socioeconomic features

To mine the complexity of functional characteristics, machine
learning-based classification approaches are considered for grouping
functional regions with different landscape metrics and socioeconomic
features. Here, we employ a random forest algorithm (Ho, 1995), which
has been proven to be a sufficient approach for classification in land
cover/land use applications (Liaw & Wiener, 2002; Pal, 2005;
Rodriguez-Galiano, Ghimire, Rogan, Chica-Olmo, & Rigol-Sanchez,
2012).

Random forest is an ensembled learning approach for classification,
which generates multiple non-associated decision trees using bootstrap
sampling on training data and predicts testing data based on a majority
vote of all decision trees. This classifier is able to handle high dimen-
sional data based on the large number of constructed trees, which meets
the requirement of distinguishing functional types with multiple fea-
tures. As a result, given the calculated landscape metrics and socio-
economic features as variables, parts of the regions are labelled with
specific functional types for classification.

Specifically, two user-defined parameters are required, including
the number of features used at each node to generate a tree and the
number of trees to be grown. For the number of features, only the se-
lected features are examined for the best split at each node to generate
new trees and thus reduce both the complexity of the algorithm com-
putation and the correlation between the two trees. The pre-trained
random forest classifier consists of N trees, which is the other user-
defined parameter, for predicting new samples. To improve the per-
formance of the functional region classification, selection strategies of
these parameters should be proposed. The accuracy assessment of dif-
ferent parameter combinations is displayed in Section 4.3.

3. Study area and data

The study area for this research is located in the Futian district
(Fig. 3(a)) of Shenzhen, Guangdong province. With a total area of
78.66 km2 and a permanent population of 1,501,700, it has been con-
sidered as the centre of Shenzhen, with advanced political, economic
and cultural functions. To analyse the types and distribution of urban
functional regions in this area, 411 functional regions (Fig. 3(b)) are
divided based not only on the provided high-resolution image in
Fig. 3(a) but also on the main roads provided by OpenStreetMap. Based
on these functional regions, four functional types including commercial
land, industrial land, residential land and service/public land are in-
volved in the classification.

To delineate the landscape metrics, building-level blocks are uti-
lised, which are provided by the Urban Planning, Land & Resources
Commission of Shenzhen Municipality (Municipality Oceanic
Administration of Shenzhen) in http://www.szgeoinfo.com:5001/
msmap/flex/bcode.html. We extracted 16,799 building-level blocks

H. Xing, Y. Meng Computers, Environment and Urban Systems xxx (xxxx) xxx–xxx

5

http://www.szgeoinfo.com:5001/msmap/flex/bcode.html
http://www.szgeoinfo.com:5001/msmap/flex/bcode.html


with spatial distribution (Fig. 3(c)), height and structural material in-
formation for the following study.

POIs from AutoNavi are employed to extract socioeconomic features
from crowdsourced data. We obtained a total of 139,921 POIs via APIs
from http://lbs.amap.com/api/, in which three category levels are in-
cluded. The third category level in each of the POIs is utilised, as it
contains more detailed textual information for indicating socio-
economic features. The spatial distribution of POIs is shown in Fig. 3(d).
One should note that as these POIs are collected officially by AutoNavi,
and the quality can be ensured to some extent.

4. Results

4.1. Landscape metrics and socioeconomic features for classification

Based on the method proposed in Sections 2.2 and 2.3, 18 landscape

metrics and 4 socioeconomic features are proposed for functional re-
gion classification. Section 4.1.1 shows the delineated landscape me-
trics and Section 4.1.2 displays the selection of socioeconomic features
in the functional regions.

4.1.1. Delineating the landscape metrics
The delineated landscape metrics are visualised in Fig. 4. One can

see that percentage of building area shows relatively symmetrical
median values, indicating a medium level of building occupation in
most of the functional regions. For the remaining metrics, the values for
the degree of landscape division present a long head, while the others,
except for structural material, show a long tail of values. The long head
for the degree of landscape division reveals that only a few functional
regions contain larger buildings that can occupy most of the region
area. Similarly, the long tails in the other metrics also reveal the irre-
gularity of building occupation and distribution at different

Fig. 3. Study area and data. (a) High-resolution image in the study area. (b) Functional regions derived from road networks. (c) Building-level blocks obtained from
the Urban Planning, Land Resources Commission of Shenzhen Municipality (Municipality Oceanic Administration of Shenzhen). (d) Spatial distribution of POIs
provided by AutoNavi.
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perspectives. In terms of structural material, six kinds of structures are
coded into [1,6], where most of the buildings are built with the second,
third and fourth material, corresponding to composite structure, frame-
shear wall structure and frame structure, respectively.

The above 18 landscape metrics show the variation in building
distribution, the diversity of building forms, and the arrangement of the
function regions and the containing buildings. Therefore, these deli-
neated metrics can be regarded as effective information to depict the
urban morphology and to further classify different functions.

4.1.2. Extracting the socioeconomic features
The third-level categories in the POIs are utilised, with categories

belonging to the same functional region being considered as one
document in the LDA. To determine the number of topics, the topic
numbers from 1 to 300 are assessed by calculating the perplexity va-
lues. As shown in Fig. 5, the perplexity value decreases dramatically
when the topic number is less than 44. It is followed by a continuous
increase when the topic numbers become larger. Accordingly, 44 topics
are generated from the categories in the POIs.

Based on the POI categories with high probabilities in each topic, 19
topics related to functional types are selected, with 6 topics corre-
sponding to commercial land, 5 and 4 topics belonging to industrial
land and residential land, and the remaining 4 topics indicating ser-
vice/public land. The probabilities of the topics in the functional re-
gions are extracted and scaled for each functional type and are con-
sidered as socioeconomic features for the classification, including
commercial indicator, industrial indicator, residential indicator and
service/public indicator. In this regard, the presented methodology can
quantify socioeconomic information related to human activities and to
some extent reveals the potential to fuse both landscape metrics and
socioeconomic features in functional region classification.

4.2. Evaluation of landscape metrics and socioeconomic features

The evaluation of landscape metrics and socioeconomic features is
required to assess the importance and contribution of each feature for
functional region classification. Through an analysis of variance
(ANOVA) in 411 regions with labelled functional types, the relationship
between landscape metrics, socioeconomic features and different
functional types is analysed, which is shown in Table 2.

In building-based metrics, four metrics including total building area,
mean building edge, building edge standard deviation and building
structure index standard deviation, are well evaluated with corre-
sponding Sig. values of less than 0.01. The remaining region-based
metrics except for maximum building area, which all have Sig. values
equal to 0.000 and relatively high values of F, also qualify as effective
variables for functional region classification. Only maximum building
area, with an F value of 2.505 and a Sig. value of 0.059, is less sufficient
compared with the other metrics.

As for the region-based metrics, all features in the region-based
metrics highly contribute to functional region classification, with
Sig. = 0.000 and F equal to 11.669, 10.624 and 30.685 for mean patch
fractal dimension, degree of landscape division and landscape shape
index, respectively.

Regarding the landscape metrics, four socioeconomic features are
significantly correlated to the functional types (Sig. = 0.000), with F
values equal to 36.560, 109.823, 155.515 and 48.057.

The above analyses evaluate the efficiency of our presented land-
scape metrics and socioeconomic features, determine the contribution
of each feature to delineate the functional types, and further reveal the
possibility and usability of these features in inferring functional regions.

Fig. 4. Boxplot visualisation of the landscape metrics.
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4.3. Functional region classification and validation

After both landscape metrics and socioeconomic features are well
evaluated, random forest is utilised with those features for functional
region classification. As the number of trees and features are required
for building the random forest model, different parameter combinations
are proposed with the number of trees as (500, 1000, 2000) and the
number of features as [2, 5]. The actual functional types in each of the
regions are derived and reclassified from http://www.szgeoinfo.
com:5001/msmap/flex/landuse.html provided by the Urban Planning,

Land & Resources Commission of Shenzhen Municipality (Municipality
Oceanic Administration of Shenzhen) (Fig. 6(a)). With the adoption of
functional types, the corresponding accuracies are shown in Table 3,
where the accuracies vary from 0.782 to 0.818. We take the accuracy of
0.818 as the best performance and choose the corresponding number of
trees and features as 500 and 4, separately.

Utilising 411 functional regions in Futian, 300 and 111 of them are
divided into training data and testing data for classification, respec-
tively. An accuracy assessment is then applied based on the comparison
of the classified functional types and the corresponding ground truth.
Table 4 shows the overall accuracies and kappa coefficients with dif-
ferent combinations of landscape metrics and socioeconomic features.
When applying only landscape metrics or only socioeconomic features,
an overall accuracy of 0.664 is obtained, with kappa coefficients of
0.458 and 0.506, respectively. However, by combining these features,
the overall accuracy increases dramatically to 0.818, and the kappa
coefficient increases to 0.734. This result indicates the advantages of
integrating landscape metrics and socioeconomic features for functional
region classification.

The classification results based on landscape metrics, socioeconomic
features and all the features are displayed in Fig. 6(b), (c) and (d).
Differences can be seen in three highlighted typical areas. In area 1,
service/public land is misclassified as residential land using socio-
economic features, while it can be correctly identified with landscape
metrics and all features. Area 2, which is occupied with commercial
land (Fig. 6(a)), is classified correctly with both socioeconomic features
and all features. However, landscape metrics fail to capture the com-
mercial characteristics in several regions and classify them as industrial
land. As area 3 has failed to be classified with landscape metrics or
socioeconomic features, combining all features correctly classifies the
functional types. The above classification results indicate that it is
reasonable to combine these features for improving functional region
classification accuracy.

Table 5 shows the classification accuracy in each functional type.
Regarding the commercial land and industrial land classification, both
the producer's and user's accuracies are generally higher with socio-
economic features than those with landscape metrics. On the other
hand, landscape metrics show significant advantages in classifying re-
sidential land and service/public land in terms of producer's and user's
accuracies. The comparison is consistent with the classification result in
Fig. 6. As a result, functional regions are classified with much higher
accuracies when considering both landscape metrics and socioeconomic
features. However, one issue is that service/public land shows a lower

Fig. 5. Perplexity values for the different numbers of topics.

Table 2
Result of ANOVA with landscape metrics and socioeconomic features.

Features F Sig.

Landscape metrics Building-
based metrics

Total building area 3.976 0.008
Percentage of building
area

28.634 0.000

Mean building area 12.886 0.000
Maximum building
area

2.505 0.059

Building area standard
deviation

6.750 0.000

Total building number 17.296 0.000
Building density 22.323 0.000
Total building edge 13.542 0.000
Mean building edge 4.931 0.002
Building edge standard
deviation

5.365 0.001

Mean building height 22.505 0.000
Building height
standard deviation

12.756 0.000

Mean building
structure index

23.357 0.000

Building structure
index standard
deviation

4.257 0.006

Structural material 14.378 0.000
Region-based
metrics

Mean patch fractal
dimension

11.669 0.000

Degree of landscape
division

10.624 0.000

Landscape shape index 30.685 0.000
Socioeconomic

features
Commercial indicator 36.560 0.000
Industrial indicator 109.823 0.000
Residential indicator 155.515 0.000
Service/public
indicator

48.057 0.000
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user's accuracy with all features compared with the accuracy with
landscape metrics. This is caused by the insufficient information pro-
vided by socioeconomic features. We will discuss this problem in the
next section.

Fig. 6. Functional region classification. (a) Classification results as ground truth. (b) Classification results with landscape metrics. (c) Classification results with
socioeconomic features. (d) Classification results with landscape metrics and socioeconomic features.

Table 3
Classification accuracies of random forest with different parameter combina-
tion.

Number of trees Number of features Accuracy

500 2 0.782
1000 2 0.782
2000 2 0.8
500 3 0.8
1000 3 0.8
2000 3 0.809
500 4 0.818
1000 4 0.791
2000 4 0.809
500 5 0.791
1000 5 0.791
2000 5 0.791

Table 4
Overall accuracy and kappa coefficient of the functional region classification.

Landscape metrics Socioeconomic features Overall accuracy Kappa

√ 0.664 0.458
√ 0.664 0.506

√ √ 0.818 0.734
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5. Discussion

5.1. Utilisation of landscape data and crowdsourced data for functional
regions classification

The approach is proposed based on the utilisation of urban land-
scape data (i.e., building-level blocks) and crowdsourced data (i.e.,
POIs) to capture both physical and socioeconomic properties. Despite
the satisfactory result in the functional region classification, the chal-
lenges of utilising these data remain undiscussed and should be con-
sidered.

5.1.1. Landscape data
Among the existing urban landscape data, building-level blocks are

selected to capture and analyse the natural urban form. However,
challenges remain in the proposed data. The first is the availability of
building-level blocks. As data used in this study are officially published
by the Futian government with spatial and structural information, it is
convenient to obtain the sources and measure the required indices.
However, the problem is that building-level blocks are not available in
many of the cities. Second, this kind of data is restricted to delineating
building-related landscapes and fails to capture other types of land-
scapes. Basically, the physical information in functional regions consists
of buildings, roads, green land and other built-up areas. Thus, using
solely building information may lead to biases and errors in presenting
some of the functional types.

Faced with the first issue, available sources are necessary to mea-
sure the required indices. In fact, spatial distributions of buildings are
provided as open data by Internet maps such as AutoNavi and Baidu
maps and thus have the potential to delineate landscape information
including building area and building edge. Building height is also dis-
played in these open data. Moreover, high-resolution images serve as
another available source to recognise urban buildings (Du, Zhang, &
Zhang, 2015; Xueliang, Zhang, Xiao, Feng, & Yuan, 2017), with textural
and spectral characteristics providing the spatial and structural building
information (Blaschke, 2010). In addition, building height information
can be calculated from airborne Lidar data.

In terms of the second problem, future studies will investigate the
usability of remote sensing techniques to depict urban forms (Alshehhi
& Marpu, 2017; Huang, Wen, Li, & Qin, 2017). Existing studies have
proposed effective approaches to extract urban land use, road networks
and green land (Alshehhi, Marpu, Woon, & Dalla Mura, 2017; Li, Stein,
Bijker, & Zhan, 2016; Yuqin et al., 2016), which may be considered to
help understand urban landscapes comprehensively.

5.1.2. Crowdsourced data
Socioeconomic features generated from crowdsourced data are

quantified to depict the social economy characteristics of functional
regions. In fact, crowdsourced data provide an effective data source to
delineate urban functions, as they are generated by citizens from dif-
ferent urban facilities and highly related to human activities. Here, two

issues will be discussed in utilising crowdsourced data, including data
accessibility and socioeconomic features extraction.

The availability of crowdsourced data has been discussed in many
studies (Liu et al., 2015), which concluded the large quantity and open
accessibility. Generally, these data are freely provided by many Internet
companies and can be automatically collected in large quantities via
APIs. As a result, this process of data collection reduces both time and
cost in functional region classification. Among the crowdsourced data,
POIs are selected in this paper to capture detailed socioeconomic fea-
tures. The result reveals that POIs show advantages in identifying
commercial and residential land, whereas no significant improvements
are displayed in service/public land classification (Table 5). This may
be caused by the heterogeneity of POI distribution (Xing, Meng, Hou,
Cao, & Xu, 2017), which leads to the lack of efficient data in service/
public land. The limitation of POIs further inspires the employment of
multiple crowdsourced data sources, such as social media check-ins and
trajectory data. For example, an attempt has been made to classify
urban land use with Twitter messages (Frias-Martinez & Frias-Martinez,
2014), which has the potential to integrate this data source for ex-
tracting socioeconomic features.

Socioeconomic features extraction fills the gap between crowd-
sourced data and functional regions. With the contribution of semantic
information, functional region types can be characterised from a human
activity perspective. Although the presented topic model method can
automatically calculate socioeconomic features, it is restricted to the
relatively complex strategies including text processing and topic
number selection. Faced with this issue, developing a prototype system
with the integration of the presented approaches is an effective way to
reduce time and cost in terms of feature selection. We suggest that the
proposed socioeconomic features, which are quantified from crowd-
sourced data, are able to delineate functional regions, as well as guide
urban construction and other socioeconomic applications.

5.2. Improvements of the landscape metric and socioeconomic feature
selection

Although both landscape metrics and socioeconomic features are
well evaluated in Section 4.2, the analysis of variance (shown in
Table 2) indicates that several features are not representative enough to
distinguish functional types. For example, maximum building area in
building-based metrics contains a Sig. value of no more than 0.1, in-
dicating a low significance level in classifying functional regions. An-
other example can be found in Table 5, where user's accuracies of 0.8
and 0.385 are obtained in service/public land when using landscape
metrics and socioeconomic features, respectively. However, as these
features are utilised together, a lower user's accuracy of 0.667 is cal-
culated. These problems call for more effective methods to select and
utilise landscape metrics and socioeconomic features for functional
region classification.

Faced with the uncertainty of these features, methods such as
principal component analysis (PCA), Laplacian eigenmaps and analytic
hierarchy process (AHP) with specific feature selection strategies can be
considered for classification improvement. These approaches enable
feature filtering, especially in landscape metrics selection. Meanwhile,
complementing the feature selection, a more effective automatic clas-
sification method is necessary, where neural networks have the po-
tential to address the complexity of functional characteristics.

5.3. Identification of mixed functional regions

The presented approach is proposed based on identifying single
functional types including commercial, industrial, residential and ser-
vice/public land. One important issue of the current classification re-
sults is that it fails to capture the mixture of urban functions. Generally,
mixed functions refer to the combination of different functional types in
one region. Measuring mixed functions is essential to promote urban

Table 5
Classification accuracy of each functional region type (PA for producer's ac-
curacy; UA for user's accuracy).

Landscape
metrics

Socioeconomic
features

Landscape metrics
and Socioeconomic
features

Commercial
land

PA 0.435 0.522 0.696
UA 0.514 0.632 0.8

Industrial land PA 0.45 0.75 0.85
UA 0.391 0.577 0.708

Residential
land

PA 0.885 0.788 0.904
UA 0.73 0.788 0.922

Service/public
land

PA 0.533 0.333 0.667
UA 0.8 0.385 0.667
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vibrancy and design for future urban development (Liu et al., 2018; Yue
et al., 2017).

In the experiment, mixed functions exist in several regions of the
study area. As the current methodology focuses on identifying single
functional types, the mixed functions are reclassified according to the
dominant functional type. To some extent, this leads to the inaccuracy
and uncertainty of the final result. This problem might be solved by
modifying the presented functional region classification model. In
particular, mixed functions can be labelled by functional region in the
model training process so that the classification model can be retrained
to distinguish mixed functions from single function types.

The modification of the functional region classification model might
meet the requirement to infer mixed functions but measuring the urban
function mixture is a much more complex process. To further in-
vestigate mixed function patterns, several issues should be considered.
The first is the measures of landscape metrics and socioeconomic fea-
tures. Currently, the variation in these features is evaluated to solely
correlate to certain functional types. As mixed functions contain dif-
ferent combinations of functional types, it remains a question of how to
quantify this uncertainty and further differentiate the corresponding
mixture by using the extracted features. Second, effective approaches
are required to measure the degree of function mixture. Various mea-
sures have been proposed in existing studies based on either distance or
quantity (Song, Merlin, & Rodriguez, 2013), but landscape and socio-
economic information related to urban functions have never been dis-
cussed.

6. Conclusions and future work

Urban functional region classification serves as a significant com-
ponent in uncovering urban characteristics. Many studies have con-
sidered identifying functional regions by extracting physical properties
from remote sensing images or socioeconomic information from
crowdsourced data. The integration of both features provides an al-
ternative perspective to better detect functional regions and improve
classification accuracy. However, few studies have focused on suffi-
ciently depicting landscape and socioeconomic information and fusing
them in functional regions. In this study, the use of landscape metrics
and socioeconomic features has been investigated for functional region
classification. The delineation of landscape metrics relies on building-
level blocks, which enables four building measurements including
building area, building edge, building height and building structure to
describe urban forms. To extract socioeconomic features, crowdsourced
data are utilised to calculate semantic information from the LDA topic
model, providing explicit descriptions of human activities. In the ex-
periment, building-level blocks and POIs are selected for the Futian
district in Shenzhen. As a result, a more detailed depiction of urban
functions is obtained by calculating 18 landscape metrics and 4 socio-
economic features. Through the analysis of variance, the potential re-
lationship between the obtained characteristics and functional types are
recognised. Moreover, the presented approach automatically classifies
urban functions by combining both landscape metrics and socio-
economic features. In particular, an overall accuracy of 0.818 is ob-
tained, which is approximately 0.15 higher than that with only land-
scape metrics or only socioeconomic features. These finding will help
better understand urban functions and provide useful information for
urban planning and regional decision making.

The proposed approach offers interesting perspectives for capturing
physical properties and human activities to investigate urban forms and
planning. In future studies, we will improve the current performance of
functional region classification in the following aspects. First, although
satisfactory results have been obtained based on the existing study area,
the relatively small study area with limited functional regions may not
be representative enough to evaluate the limitations of the presented
approach. Thus, we expect to include a much larger study area that
contains more functional regions in future studies. Second, functional

types, including commercial, industrial, residential and service/public
land, are considered for classification, which is not uncommon in many
of the previous studies (Frias-Martinez & Frias-Martinez, 2014; Pei
et al., 2014; Ríos & Muñoz, 2017). However, these types ignore the
more complicated functions and thus fail to depict detailed urban
functional patterns. For example, commercial land contains a variety of
functions such as restaurants, shopping malls and theatres. This will be
improved in future studies. Third, regarding the scale of functional
regions, parcels split by road networks are adopted as basic units, the
effectiveness of which has been supported in previous studies (Liu et al.,
2017; Xingjian, Liu & Long, 2016; Yuan et al., 2012). Nevertheless,
mixed land use may exist at this level of units, which leads to the
misclassification of functional types. In fact, as finer spatial units such
as buildings and streets have been utilised to better detect urban
functions in many studies (Chen et al., 2017; Zhu, Wang, Wu, & Liu,
2017), these have the potential to be utilised to substitute road-net-
work-based regions in future studies.

Apart from single functional types, quantifying mixture regions will
be considered to cope with the complicated and heterogeneous func-
tional patterns. Dynamic changes in functional regions might also be
investigated by utilising effective spatial-temporal data, which might
help organise and manage urban forms. Moreover, the integration of
landscape metrics and socioeconomic features reveals their potential to
be applied in land cover applications. Instead of solely capturing the
natural environment, land cover is also greatly influenced by human
activities (Meng, Hou, & Xing, 2017). The presented approach provides
opportunities to understand and classify different land cover/land use
types comprehensively and effectively.
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