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A B S T R A C T

The composition and arrangement of spatial entities, i.e., land cover objects, play a key role in distinguishing
land use types from very high resolution (VHR) remote sensing images, in particular in urban environments. This
paper presents a new method to characterize the spatial arrangement for urban land use extraction using VHR
images. We derive an adjacency unit matrix to represent the spatial arrangement of land cover objects obtained
from a VHR image, and use a graph convolutional network to quantify the spatial arrangement by extracting
hidden features from adjacency unit matrices. The distribution of the spatial arrangement variables, i.e., hidden
features, and the spatial composition variables, i.e., widely used land use indicators, are then estimated. We use a
Bayesian method to integrate the variables of spatial arrangement and composition for urban land use extrac-
tion. Experiments were conducted using three VHR images acquired in two urban areas: a Pleiades image in
Wuhan in 2013, a Superview image in Wuhan in 2019, and a GeoEye image in Oklahoma City in 2012. Our
results show that the proposed method provides an effective means to characterize the spatial arrangement of
land cover objects, and produces urban land use extractions with overall accuracies (i.e., 86% and 93%) higher
than existing methods (i.e., 83% and 88%) that use spatial arrangement information based on building types on
the Pleiades and GeoEye datasets. Moreover, it is unnecessary to further categorize the dominant land cover type
into finer types for the characterization of spatial arrangement. We conclude that the proposed method has a
high potential for the characterization of urban structure using different VHR images, and for the extraction of
urban land use in different urban areas.

1. Introduction

Urban land use information is essential to many urban applications
such as urban management and planning, urban population modeling,
and urban environmental analysis. Land use information with fine
spatial detail and timely updates is necessary to achieve the goal of
sustainable urban development (Ilieva and McPhearson, 2018). Over
the past years, increasing attention has been paid to the use of remote
sensing images, particularly acquired from very high resolution sa-
tellites with spatial resolutions less than 1m, e.g., WorldView, GeoEye
and Pleiades, for extracting urban land use information with fine spatial
detail (Li et al., 2016, 2017; Huang et al., 2018; Srivastava et al., 2019).

Many studies have been conducted to extract a large variety of
urban land information from VHR images. Initially, most of these fo-
cused on the extraction of land cover types, corresponding to the bio-
physical properties of the earth surface. The extraction of urban land

cover from VHR images has been extensively studied in the literature,
and achieved relatively high extraction accuracy (Li et al., 2015; Chen
et al., 2018; Marcos et al., 2018). By contrast, land use refers to how
land cover is used by humans, reflecting the functional properties of the
land (Barr et al., 2004). The arguments between land cover and land use
were also well summarized in Fisher et al. (2005). The extraction of
urban land use from VHR images, however, is more challenging. On the
one hand, due to high spatial resolution, VHR images can identify
spatial entities, i.e., land cover objects, at an individual level. On the
other hand, a homogenous land use area (namely a land use unit) may
contain several different land cover objects with complex spatial com-
position and arrangement, leading to high intra-class variance and low
inter-class similarity for land use classification from VHR images. It is
thus difficult to distinguish urban land use types at fine categories, e.g.,
residential, commercial, and industrial land use, from VHR images.

To improve the separability between different urban land use types,
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previous research has recognized the importance of spatial arrangement
for urban land use extraction using VHR images (van der Kwast et al.,
2011; Li et al., 2016). For example, van der Kwast et al. (2011) char-
acterized the arrangement of land cover pixels within a spatial kernel
for pixel-based land use classification. Using this method, the bound-
aries of classified land use areas are smoothed by operations within
spatial kernels. Comber et al. (2012) and Walde et al. (2014) described
the spatial arrangement of land cover objects by a planar graph, and
quantified the graph using a set of handcrafted graph measures. In-
tuitively, cities are dominated by buildings. Based upon this concept, Li
et al. (2016) proposed to characterize spatial arrangement information
by modeling the distribution of a set of customized building types. Non-
handcrafted features encoding high-level image semantics, especially
derived from convolutional neural networks (CNNs), have also been
successfully used for urban land use classification using VHR images
(Huang et al., 2018; Zhang et al., 2018; Srivastava et al., 2019; Zhou
et al., 2020). Moreover, Zhang et al. (2018) and Zhou et al. (2020)
combined the concept of object-based image analysis with CNNs to
build object-based CNNs for urban land use extraction. High-level fea-
tures regarding image objects were then extracted for classification
tasks. By doing so, the spatial arrangement of image objects, particu-
larly their topology, is still hard to be exploited.

This study aims to provide a new method to characterize spatial
arrangement information for the extraction of urban land use from VHR
images, with particular interest in the characterization of spatial ar-
rangement with complete land cover types. More specifically, the spa-
tial arrangement is characterized by modeling the pair-wise spatial
relations of land cover objects. We formulate the spatial relations of
land cover objects as graph-structure data, and use a graph convolu-
tional network (GCN) (Kipf and Welling, 2016) to derive non-hand-
crafted structural features to quantify the spatial relations. Differing
from conventional CNNs that can only work for Euclidean-structure
data, GCNs are powerful in handling graph-structure data and ex-
tracting high-level structural features (Zhou et al., 2018; Battaglia et al.,
2018). Moreover, we derive an adjacency unit matrix (AUM) (Barnsley
and Barr, 1996) to compress the pair-wise spatial relations of land cover
objects into the pair-wise relations of land cover types. The derived
AUMs, therefore, have the same size for different land use units. The
proposed method is flexible for land use extraction in different urban
environments, because a design for a set of customized categories of
building types is not required. It considers the spatial arrangement of all
available land cover objects, rather than building objects, differing from
previous studies in Li et al. (2016) and Li et al. (2017). The novelty of
this study is as follows:

• it provides an effective means to represent the spatial arrangement
of urban land use by formulating the pair-wise relations of land
cover objects that are obtained from VHR images into graph-struc-
ture data;

• it investigates the use of GCNs to derive high-level structural fea-
tures from graph-structure data to quantify the spatial arrangement;
• it provides a generic framework for urban land use classification
using VHR images. The provided framework has a high potential for
land use classification in different urban environments, especially
when equipped with the proposed spatial arrangement character-
ization.

The remainder of this paper is structured as follows. Section 2 de-
scribes the study area and datasets, and Section 3 illustrates the pro-
posed method for urban land use extraction from VHR images. Section
4 gives the experimental results and related analysis, followed by dis-
cussion in Section 5 and conclusions in Section 6.

2. Study area and data

We chose two urban areas, Wuhan city in China and Oklahoma city
in the United States respectively, for this study. These two areas are
different in terms of urban structures and land cover and land use types.
For example, the Wuhan study area has more densely populated areas,
and more high-rise and apartment buildings than the Oklahoma study
area. Both land cover and land use classification systems are different
between these two areas. For the Wuhan study area, we acquired two
VHR images from Pleiades-1B satellite and the Superview satellite on
11 July 2013 and 29 July 2019, respectively (Fig. 1a and b). Both
images were pansharpened by a panchromatic band and four multi-
spectral bands using the Gram–Schmidt method (Laben and Brower,
2000). For the Oklahoma study area, we acquired a pair of VHR images
(with forward and backward views) in stereo mode from GeoEye sa-
tellite on 17 October 2012 covering around 25 km2. The forward view
VHR image was also pansharpened (Fig. 1c). The raw VHR images have
a spatial resolution of 0.7 m, 0.8 m and 0.46m for the panchromatic
band of Pleiades, Superview and GeoEye satellites, respectively. All
pansharpened VHR images were resampled to have a 0.5m spatial re-
solution.

Moreover, we obtained an existing urban land use map (around
2013) from the local urban planning department to partition VHR
images into homogeneous land use units for the Wuhan study area, and
an road network dataset from Openstreetmap (OSM) (downloaded in
2016) for the Oklahoma study area. The Pleiades and GeoEye VHR
images were also used in earlier studies on urban land use extraction (Li
et al., 2016, 2017).

3. Methodology

The proposed urban land use extraction follows the framework in Li
et al. (2016), inferring urban land use based on the urban land cover
objects obtained from a VHR image. The workflow of the urban land
use extraction in this paper is given in Fig. 2. It starts from urban land

Fig. 1. Overview of the Pléiades (a) and Superview (b) VHR images in the Wuhan study area, and the GeoEye (c) VHR image in the Oklahoma study area.
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cover classification, proceeds to the characterization of spatial ar-
rangement and spatial composition, and ends at the extraction of urban
land use. Our method to characterize spatial arrangement information
considering all available land cover types, rather than only the domi-
nant cover type. Moreover, the spatial composition mainly refers to the
coverage and density of land cover objects within a specific land use
unit.

3.1. Urban land cover classification

Our method starts from a urban land cover classification using a
VHR image. We used an existing method for land cover classification (Li
et al., 2016, 2017) over the two study areas. This method is an object-
based image classification using support vector machine. We have two
main considerations for this choice. First, object-based image classifi-
cation methods based upon machine learning have been widely used in
the literature for VHR image classification. Second, the choice helps to
set up proper comparisons with existing studies on urban land use ex-
traction, by eliminating the differences which may be caused at the first
stage – urban land cover classification. We also used the same land
cover classification systems as previous research (Li et al., 2016, 2017)
(Table 1). Differing from the land cover classification system of the
Wuhan Study area, we grouped different types of building roofs into a
single class buildings for the Oklahoma study area. The difference in
land cover classification systems can also help the testing of the pro-
posed characterization of spatial arrangement when using different
land cover classifications.

3.2. Spatial arrangement characterization based on an adjacency unit
matrix (AUM) and graph convolutional network (GCN)

We consider spatial composition and spatial arrangement for urban
land use extraction. Spatial composition describes the proportion and
density of land cover types. It has been widely used for land use clas-
sification using machine learning methods from low- and medium-re-
solution remote sensing images (Herold et al., 2003). We use a set of
commonly used land use indicators (Li et al., 2016) as features to
measure the spatial composition information. Spatial arrangement

Fig. 2. The workflow of the proposed urban
land use extraction. It starts from the classifi-
cation of land cover objects using VHR images.
The spatial arrangement of land cover objects
is structured as an adjacency unit matrix. A
graph convolutional network (GCN) is then
used to extract effective features to represent
the information regarding the spatial arrange-
ment. Last, the extraction of urban land use
units is conducted considering spatial compo-
sition and spatial arrangement information
based upon Bayesian methods.

Table 1
Land cover classification systems for Wuhan and
Oklahoma study areas respectively (Li et al., 2016,
2017).

Wuhan Oklahoma

Grass Grass
Trees Trees
Shadow Shadow
Water –
Bare soil –

Dark roof
Gray roof
Brick-color roof Buildings
Blue roof
Bright roof

Others Others
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describes the structural information, i.e., the way land cover objects are
arranged. This has been proven to be effective for distinguishing dif-
ferent land use types particularly from VHR images in urban areas (Li
et al., 2016).

3.2.1. Use of AUM to represent spatial arrangement
Previous studies investigated the use of a kernel-based method, by

deriving an adjacency unit matrix (AUM) based on land cover pixels, to
represent spatial arrangement information for per-pixel land use clas-
sification. It is noted that the term ‘adjacency unit matrix (AUM)’ used
in this paper is a similar concept as the ‘adjacency event matrix (AEM)’
used in Barnsley and Barr (1996). Since the matrix is a space-related
concept, we term it the AUM in order to better reflect its spatial aspects.
For example, Barnsley and Barr (1996) and van der Kwast et al. (2011)
compared AUMs of unclassified pixels with template AUMs associated
with known land use types by calculating their similarities. Later,
Walde et al. (2014) adapted the calculation of an AUM to land cover
objects classified from a remote sensing image. Based upon AUMs, a set
of graph measures were extracted for classifying urban structure types.
Inspired by their studies, we also use AUMs derived based on image
objects to represent spatial arrangement information. Fig. 3 shows an
example of deriving an AUM for a classified land cover map from a VHR
image. The spatial relations of adjacent land cover objects can be re-
presented by a graph. If a building is adjacent to a tree in Fig. 3c, then
the pair of adjacent objects building-tree is an adjacency unit. The AUM
contains the frequency of all possible adjacency units within the clas-
sified land cover map. The AUM has the size of the number of land
cover classes.

Usually, it is hard to obtain a land cover map with accurate
boundaries for each land cover entity (e.g., a building) when using
image classification methods, because of the relatively low spatial re-
solution as compared to the complexity of land cover features, and the
ineffectiveness of classification methods. Particularly, for densely po-
pulated areas, buildings are hard to be delineated separately from a
VHR image with a 0.5m spatial resolution, resulting in a number of
neighboring buildings grouped as a single object in a land cover map.
Therefore, the derived AUMs (e.g., in Walde et al., 2014) may poorly
represent the structure of for example densely populated areas.

To deal with this problem, we derive AUMs based upon image
segments obtained from image segmentation with the same scale as
those used for object-based urban land cover classification in Section
3.1.

3.2.2. Use of GCN to extract features with respect to spatial arrangement
An AUM can naturally be represented by a graph = ( , ), where
denotes the set of nodes …v v, , n1 , corresponding to land cover types,

and denotes the set of edges v v( , )i j between nodes vi and vj, corre-
sponding to the relationships between two land cover types. Moreover,
each node vi can be attributed to a feature vector xi, and belongs to a
land use class = …C C C C{ , , }k K1 LU , where KLU is the number of land
use classes.

Fig. 4 demonstrates the construction of a graph based upon an AUM.
Suppose that the AUM of a land use unit LUi defines an adjacency
matrix Ai

LC with a size of KLC× KLC, where KLC is the number of land

cover classes. A graph i
LC can then be built from Ai at the land cover

level. We consider LUi as an additional graph node at the level of land
use, and add it to i

LC to form a new graph i
LU at the land use level.

The adjacency matrix Ai of graph i
LU can be obtained by horizontally

concatenating a KLC vector with values of 1 to Ai
LC and followed by a

vertical (KLC+1) vector with all values equal to 1. Furthermore, the set
of land use units segmented from a VHR image forms a large graph
with a size of NLU×(KLC+1), where NLU is the number of land use
units. Let = …X x x[ , , ]n

T
1 be the feature matrix of all nodes with respect

to graph , where n is the number of nodes. We aim to extract a number
of effective features with respect to spatial arrangement information
based upon the graph using GCN.

Next, suppose that a GCN learns a representation vector hv for node
v. Then the label of v can be predicted as =ŷ f h( )v v . A k-layer GCN,
consisting of input, hidden and output layers, is depicted in Fig. 4. GCNs
learn the representation vector of a node by aggregating the re-
presentations of its neighbors. Let hi

k( ) be the feature vector of node vi at
the kth layer, and H(k) be the corresponding feature matrix of all nodes.
According to Kipf and Welling (2016), a k-layer GCN can learn hidden
representations for nodes v using the following layer-wise propagation
rule,

=H D A D H W( ),k k k( )
1
2

1
2 ( 1) ( 1) (1)

where = +A A I is the adjacency matrix of graph with added self-
connections, I is the identity matrix, D is a degree matrix of A with

=D Ajii ij, W(k−1) is a learned weight matrix, and H(0) =X. The
parameter σ represents an activation function, e.g., the ReLU function
used in Kipf and Welling (2016). The last layer of the GCN predicts the
labels of nodes Ŷ using the softmax function,

=Ŷ D A D H Wsoftmax( ),k k
1
2

1
2 ( 1) ( ) (2)

where softmax(xi)= exp(xi)/∑iexp(xi). If FSA is the variable of spatial
arrangement, then the probabilistic output Ŷ approximates the condi-
tional probability p(Ci|FSA). The GCNs were initially developed for node
classification. Derivation of Ci|p(FSA) requires a classification on graphs,
i.e., to predict the label of an entire graph. To facilitate the use of GCNs
for our problem, we add a land use node that connects all land cover
nodes to the graph of AUM. Then, the features with respect to spatial
arrangement are extracted at the level of land use (Table 2).

3.3. Urban land use extraction by a Bayesian network

We use a Bayesian network to combine the information of spatial
arrangement and spatial composition for urban land use extraction (see
Fig. 2). Let = z zz { , , }n1 be a set of variables zn. A Bayesian network
defines a joint probability distribution,

= =p p z paz( ) ( | )i
n

i i1 (3)

where pai denotes the set of parents of zi. For urban land use extraction,
let = …F F F{ , , }MSC 1 be a set of attribute variables with respect to the
spatial composition information (i.e., commonly used land use in-
dicators) of land use, and FSA be the attribute variable with respect to
spatial arrangement information. Eq. (3) then gives

Fig. 3. Example of deriving an adjacency unit matrix for a classified land cover map from a VHR image.
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… = =p F F F C p C p F C p F C( , , , , ) ( )· ( | )· ( | )M i
M

i1 SA 1 SA , where C is the class
variable with respect to land use types. Based upon Bayes’ theorem, the
class of an unlabeled land use unit is thus inferred by

= = …p C p F F p C p F F C
p F F

i K( | ( , )) ( ) ( , | )
( , )

, 1, , .i
i i

SC SA
SC SA

SC SA
LU (4)

We assign each unlabeled land use unit to a class with maximum a
posteriori probability, given observed evidence, i.e.,

=

=

=

= = …

C p C F F

p C p F F C
p F F

p C p F C p F C
p F F

p C p F C p F C i K

* argmax ( | , )

argmax ( ) ( , | )
( , )

argmax ( ) ( | ) ( | )
( , )

argmax ( ) ( | ) ( | ), 1, , .

C
i

C

i i

C

i i i

C
i i i

SC SA

SC SA

SC SA

SC SA

SC SA

SC SA LU

i

i

i

i (5)

In order to obtain the probability values, we set prior probability p
(Ci)= 1/KLU for all land use classes. The conditional probability for the
variables of spatial composition nodes p(FSC|Ci) is estimated by kernels
because of the limited number of training samples (Lin et al., 2007;
Cheng and Wang, 2010; Maji et al., 2013). The conditional probability
for the variable of spatial arrangement is derived from GCN.

3.4. Performance evaluation and accuracy assessment

To evaluate the effectiveness of the proposed method for spatial
arrangement characterization, we compared urban land use extractions
while either using or without using the spatial arrangement informa-
tion. We also compared urban land use extractions by the proposed
method with existing methods, namely SVM, random forest (RF), and
the method in Li et al. (2016). Moreover, we derived a variety of AUMs
based upon image segmentations with different scale values to evaluate
the effect of the scale on the derived AUMs and on the subsequent urban
land use extractions. We used the confusion matrix accuracy assess-
ment.

4. Experiments

4.1. Urban land cover classification

We used object-based image classification methods to obtain the
land cover of Wuhan and Oklahoma datasets. More specifically, we
applied the same method described in Li et al. (2016) (i.e., an object-
based image classification using SVM) to conduct land cover classifi-
cation on both the Pleiades and Superview datasets in Wuhan. The
image objects were obtained from a multi-resolution image segmenta-
tion with scale parameters of 120. We distinguished 11 land cover
types, namely, grass, trees, shadow, water, bare soil, dark roof, gray
roof, brick-color roof, blue roof, bright roof and other (see Table 1). The
overall accuracy (OA) of the land cover map is 90.10% and κ is 0.89 for
the Pleiades dataset, and OA 91.5% and κ0.91 for the Superview da-
taset. The training and testing datasets for the land cover classification
on the Pleiades dataset were the same as those in Li et al. (2016). For
the accuracy assessment of the Superview dataset, we selected 920
image objects as samples, that were randomly partitioned into training
and testing datasets of equal size. For the land cover classification on
the GeoEye dataset in Oklahoma, we applied the same method as in Li
et al. (2017) to distinguish land cover of grass, trees, shadow, building,
and others. The produced land cover has an OA of 91.0% and a κ of
0.88. Fig. 5 shows the classified land cover map on the Pleiades and
Superview datasets in the Wuhan study area, and the GeoEye dataset in
the Oklahoma study area.

4.2. Spatial arrangement characterization using AUMs

Fig. 6 demonstrates the AUMs of different land use samples derived
from the land cover that was classified from the Pleiades image in
Wuhan. First, this figure shows that every AUM is highlighted by nearly
one adjacent unit, indicating a dominant adjacent unit. Taking the low-
density residential as example (Fig. 6a), we see that the dominant ad-
jacent unit is gray roof-gray roof. By contrast, the dominate adjacent unit
of re-developing land use is bare soil-bare soil (Fig. 6f). Second, this
figure shows distinct and concentrated spatial arrangement for different
land use types, particularly low-density residential (Fig. 6a), high-
density residential (Fig. 6b), green space and entertainment (Fig. 6f),
and re-developing land (Fig. 6g). Third, we can see that commercial
(Fig. 6c) and industrial and warehouses (Fig. 6d) are mainly char-
acterized by artificial land cover types, i.e., buildings and others. Re-
garding public management and service (Fig. 6e), the spatial arrange-
ment is characterized by a disperse pattern, widely distributed over
different land cover types.

To compare the effect of the scale of segmentation on AUMs, we
conducted several image segmentations using multi-resolution image
segmentation on the Pleiades VHR image with a scale value of 140, 120,
100, 80, and 60. Fig. 7 shows the AUMs derived from different urban
land covers with different image segmentations. This figure shows no
obvious difference between AUMs derived from different scales for a
specific land use sample, e.g., the residential land use in Fig. 7a–h1,

Fig. 4. Demonstration of constructing a graph based upon AUM for GCN feature learning. LC and LU refer to land cover and land use respectively.

Table 2
Land use classification systems for Wuhan and Oklahoma study areas respec-
tively (Li et al., 2016, 2017).

Wuhan Oklahoma

Low-density residential Residential
High-density residential
Commercial Commercial
Industrial and warehouses Industrial
Public management and service –
Green space and entertainment Green space and entertainment
Redeveloping land –
– Transportation
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while the derived AUMs between different land use types are still dis-
tinguishable at each scale, e.g., Fig. 7c1 vs. Fig. 7c2. We also see that
the derived AUMs from the Pleiades images are similar to that of SUPER
images (Fig. 7c1-7 and g1-7).

4.3. Urban land use classification

Based upon the derived AUMs, we constructed a graph encoding the
spatial relations at two levels with respect to land cover and land use.
We trained a two-layer GCN to extract hidden features FSA quantifying
the spatial arrangement information of land use types Ci from the graph
, and to estimate the conditional probability p(FSA|Ci) given a specific

land use type Ci. Regarding the parameter settings of the used GCN, we
set the number of hidden units equal to 24 for the first layer of GCN, the
maximum number of epochs to 500, the initial learning rate to 0.01
with a L2 loss, and the dropout rate to 0.5. Moreover, for the Pleiades
dataset, we selected 540 land use units as samples, and randomly
partitioned them into training and testing datasets, referring to 270
samples for each dataset.

Table 3 shows the confusion matrix of the urban land use classifi-
cation by the proposed method on the Pleiades dataset. Using the same
training and testing datasets as those in Li et al. (2016), we obtained an
overall accuracy (OA) 85.56% and a κ value equal to 0.8222 by the
proposed method, compared with an OA=83.33% and κ =0.7959 in
Li et al. (2016).

To evaluate the effectiveness of the characterization of spatial ar-
rangement by the proposed method, we randomly partitioned the
samples from the Pleiades dataset into training and testing datasets 10

times, and compared urban land use extractions using and not using the
spatial arrangement information (Fig. 8). This figure shows that the
urban land use extractions using the proposed spatial arrangement in-
formation have a higher classification accuracy than those without
using the proposed spatial arrangement information.

To evaluate the effect of the scale of image segments on the derived
AUMs and on the subsequent urban land use classifications, we derived
AUMs based on various image segmentations using different scale va-
lues (from 60 to 140 with a step size of 20) and using classified image
objects (Fig. 9). The image segmentations were implemented by the
multi-resolution image segmentation using eCognition software. Other
parameters regarding image segmentations were set to their default
values. Fig. 9 shows that the urban land use classifications using the
spatial arrangement information based on the AUMs derived from over-
segmented image objects produced a higher classification accuracy than
that of classified image objects.

Furthermore, we applied the proposed urban land use classifications
to a recent VHR image in Wuhan, i.e., the Superview dataset, and to a
different urban environment, i.e., the GeoEye dataset in Oklahoma. For
the Superview dataset, since a large portion of high-density residential
and re-developed land areas were demolished and used for new con-
structions, we did not consider these two land use types in the classi-
fication. We selected 300 samples for the Superview datasets, and
randomly partitioned into training and testing datasets. Table 4 gives
the confusion matrix of the proposed urban land use classification on
the Superview dataset. We obtained an OA of 84% and κ of 0.80. For the
GeoEye dataset, we used the same samples (350) as those used in Li
et al. (2017), which were randomly partitioned into training and testing

Fig. 5. Classified land cover maps on the Pleiades (a) and Superview datasets (b) in Wuhan, and the GeoEye dataset (c) in Oklahoma.
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datasets. Table 5 gives the confusion matrix of the proposed land use
classification on the GeoEye dataset, for which we obtained an
OA=93.14% and κ =0.9142. The classification accuracy is higher
than that of Li et al. (2017), corresponding to an OA=88%. Fig. 10
shows the classifications results by the proposed method on the
Pleiades, Superview, and GeoEye datasets, respectively. Comparing the
two land use results in the Wuhan study area, we observe evident
changes of land use over the past six years due to rapid urbanization in
China.

5. Discussion

In this study, we presented a new method to characterize spatial
arrangement information for the extraction of urban land use from VHR
remote sensing images. We derived an adjacency unit matrix (AUM) for
each land use unit to represent its spatial arrangement by modeling
pair-wise spatial relations between land cover objects, which were
preliminarily classified from a VHR image. Furthermore, the AUM was
modified to incorporate the spatial relations between land cover objects

Fig. 6. AUMs of different land use samples derived from the land cover that was classified from the Pleiades image in Wuhan. The classified land cover has 11 classes,
namely, grass, trees, shadow, water, bare soil, dark roof, gray roof, brick-color roof, blue roof, bright roof, and others. Hence, every AUM has a size of 11× 11. LR,
HR, CM, IW, PM, GE, and RE refer to low-density residential, high-density residential, commercial, industrial and warehouses, public management and service, green
space and entertainment, and redeveloping land, respectively. Each land use type has seven samples #1–7.

M. Li, et al. Int J Appl  Earth Obs Geoinformation 92 (2020) 102175

7



and the corresponding land use unit. It thus models spatial relations at
two levels, i.e., land cover and land use levels. Considering AUMs as
graph-structure data, we investigated the use of a graph convolutional
network (GCN) to automatically derive high-level structural features
from AUMs to quantify the spatial arrangement information. We used
Bayesian methods to integrate the variables with respect to the spatial
arrangement and composition of land use units for urban land use
classification. Our results showed that the proposed method is effective
for spatial arrangement characterization, and is of high potential for

land use extraction in different urban environments. In contrast to Li
et al. (2016) that uses a set of customized building types to characterize
spatial arrangement information, the proposed method has two main
advantages: (1) it takes all available land cover types into account
during the characterization of spatial arrangement, which uses more
information than buildings alone, and (2) it is more flexible when ap-
plying it to different urban environments, because there is no need to

Fig. 7. Comparison of AUMs between different segmentations with various scale values. LR, HR, CM, IW, PM, GE, and RE refer to low-density residential, high-
density residential, commercial, industrial and warehouses, public management and service, green space and entertainment, and redeveloping land, respectively.

Table 3
Confusion matrix of the urban land use classification by the proposed method
on the Pleiades dataset. LR, HR, CM, PM, GS, RE, IW indicate the land use of
low-density residential, high-density residential, commercial, public management and
service, green space and entertainment, redeveloping land, and industrial and
warehouses, respectively. PA and UA refer to the producer and user accuracy of
the confusion matrix, respectively.

Cls. Ref.

LR HR CM PM GS RE IW UA

LR 78 0 6 2 0 0 2 88.64
HR 0 9 0 0 0 0 1 90.00
CM 1 0 26 2 0 0 2 83.87
PM 1 0 1 29 1 3 3 76.32
GS 0 0 0 0 48 1 0 97.96
RE 0 1 1 0 1 20 0 86.96
IW 0 1 2 6 0 1 21 67.74
PA 97.50 81.82 72.22 74.36 96.00 80.00 72.41 %

Overall accuracy= 85.56%, κ =0.8222.

Fig. 8. Comparison of different urban land use classifications using and not
using the spatial arrangement information by the proposed methods. SVM, RF,
GCN and BN refer to SVM, random forest, GCN, and the proposed method,
respectively. FSA and FSC refer to features regarding spatial arrangement and
spatial composition (i.e., commonly used land use indicators). Each land use
classification was run 10 times using the training dataset randomly partitioned
from the Pleiades dataset.
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modify the types of buildings as opposed to using the distribution of
building types to characterize spatial arrangement.

In this paper, the proposed characterization of spatial arrangement
is based on land cover objects that are preliminarily classified from a
VHR image. Since this paper focuses on land use extraction, we applied
a commonly used method, i.e., object-based image analysis methods
using machine learning, to classify land cover from VHR images. The
classified land cover based upon this method have provided satisfactory
input for the characterization of spatial arrangement (Fig. 6) and the
extraction of urban land use (Fig. 8), confirming the effectiveness of the
selected method for urban land cover classification in our study.
Nonetheless, an improvement of urban land cover classification may
further improve the subsequent extraction of urban land use using VHR
images. Future studies can be conducted to improve land cover classi-
fication by using more advanced methods, e.g., deep learning methods
(Chen et al., 2018).

We derive AUMs to represent the spatial arrangement of land cover
objects within land use units. An AUM measures all possible pair-wise
spatial relations between two adjacent land cover objects. As such, the
derived AUMs depend upon the basic spatial unit delineating a land
cover object. Previous research derived AUMs based upon connected
components of a classified land cover map (Walde et al., 2014). By
doing so, the derived AUMs can effectively represent the spatial ar-
rangement when a land cover map is classified with a high accuracy in
terms of geometric quality. However, the land cover maps obtained
from remote sensing images through image classification usually have a
relatively low geometric quality, particularly in highly populated urban
areas, where buildings cannot be delineated separately. In this paper,
we proposed to derive AUMs based on over-segmented image objects.
Our results in Fig. 7 justified the effectiveness of the proposed strategy,
demonstrating the potential of using AUMs to represent the spatial
arrangement of urban land use in different environments.

We use a two-layer GCN to extract high-level structural features
from a two-level graph, i.e., at land cover and land use levels, to
quantify the spatial arrangement information. In this paper, we are
interested in the spatial arrangement information at the land use level.
The used GCN was proposed by Kipf and Welling (2016), and has been
popularly used in many learning tasks on graph-structure data (Zhou
et al., 2018). We integrate the spatial arrangement and composition
information with respect to land use units in a Bayesian setting for
urban land use classification. The classification was tested on three
different VHR images, acquired from Pleiades, GeoEye, and SuperView
satellites, involving two different urban areas, i.e., Wuhan City in China
and Oklahoma City in the US. These two areas differ with respect to the
types of land cover, land use, and urban structures. The Pleaides and
GeoEye datasets were used in Li et al. (2016) and Li et al. (2017), using
the spatial arrangement characterized based upon a set of customized
building types. Comparing with previous studies, the proposed method
produced urban land use classification with a higher classification ac-
curacy. Noticeably, the classification systems of land cover and land use
are different between Wuhan and Oklahoma study areas. The proposed
method is more flexible to deal with such difference when equipped
with the proposed characterization of spatial arrangement. Recently, in
artificial intelligence, increasing attention has been paid to the devel-
opment of advanced deep learning models on graph-structure data
(Bacciu et al., 2019). Although the two-layer GCN used in this paper has
achieved satisfactory results, we also expect an improvement in the
characterization of spatial arrangement when using more advanced
GCNs, e.g., with more layers, leading to future study. In contrast to deep
graph neural networks, other types of learning methods on graph-
structured data, e.g., based upon handcrafted graph features (Comber
et al., 2012; Walde et al., 2014) or graph kernels (Kriege et al., 2020),
can also be investigated in the future.

For urban land use classification, we follow the framework pre-
sented in our previous work (Li et al., 2016). The framework highlights
the importance of spatial arrangement information in improving the
separability between different urban land use types. In this paper, we
contribute a new method for the characterization of spatial arrange-
ment based upon AUM and GCN. The provided method facilitates to
applying the framework to extract land use in a broad extent, because
(1) it does not require the design of a set of customized building types,
and (2) it takes all possible land cover objects into account, rather than
the dominate one. Our results show a way of transferring the adopted
framework to a different study area, and provide valid evidence for the
generalizability of the proposed method. We also expect that the pro-
posed method can be used for land use classification in a large study
area by partitioning a big dataset into small subsets. Nonetheless, we
are also aware of some limitations of the study. This paper focuses on
evaluating the effectiveness of the proposed characterization of spatial
arrangement from the perspective of urban land use extraction, with
less attention to evaluating the urban land use extraction. Such com-
parison is also challenging to conduct because of difficulties in

Fig. 9. Comparison of urban land use classifications using the spatial arrange-
ment based on the AUMs derived from various image segmentations (with scale
values from 60 to 140) and using classified image objects (Walde et al., 2014).

Table 4
Confusion matrix of the urban land use classification by the proposed method
on the Superview dataset. LR, CM, PM, GS, and IW indicate the land use of low-
density residential, commercial, public management and service, green space and
entertainment, and industrial and warehouses, respectively. PA and UA refer to the
producer and user accuracy of the confusion matrix, respectively.

Cls. Ref.

LR CM PM GS IW UA

LR 23 1 1 0 0 92.00
CM 0 22 2 1 0 88.00
PM 1 3 17 2 2 68.00
GS 0 0 2 23 0 92.00
IW 1 3 1 0 20 80.00
PA 92.00 75.86 73.91 88.46 90.91 %

Overall accuracy= 84.00%, kappa coefficient= 0.8000.

Table 5
Confusion matrix of the urban land use classification by the proposed method
on the GeoEye dataset. Res., Com., Ind., G-E., and Tra. indicate the land use
class residential, commercial, industrial, green-entertainment and transportation,
respectively.

Classified Reference

Res. Com. Ind. G-E. Tra. UA

Res. 35 0 0 0 0 100.00
Com. 0 30 5 0 0 85.71
Ind. 1 6 28 0 0 80.00
G-E. 0 0 0 35 0 100.00
Tra. 0 0 0 0 35 100.00
PA 97.22 83.33 84.85 100 100.00 %

Overall accuracy= 93.14%, kappa coefficient= 0.9142.
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accessing the source code of these methods. Despite the fact that both
study areas cover about 25 km2, it is still difficult to collect a large
number of samples for all land use classes. The results of urban land use
classifications were thus evaluated with available samples, which were
also used in previous studies for urban land use classification (Li et al.,
2016, 2017). We argue that this practice suits our study, and also admit
that extending the study areas can further verify the proposed urban
land use classification, leading to our future work.

6. Conclusions

This study proposes a new method to characterize the spatial ar-
rangement information for urban land use extraction from VHR images.
This method uses adjacency unit matrices (AUMs) to represent the
spatial arrangement of land cover objects within a land use unit. The
AUMs were further used to construct a graph at two levels, i.e., land
cover and land use, encoding the spatial relations between land cover
types and between a land cover type and a land use unit, and between
land use types. We used a graph convolutional network (GCN) to
quantify the spatial arrangement information, and we combined the
information regarding spatial arrangement and spatial composition for
urban land use extraction using Bayesian methods. We conducted urban
land use extractions using three different datasets, i.e., Pleiades and
Superview VHR images in Wuhan, and GeoEye image in Oklahoma. Our
results showed that the proposed method produces urban land use ex-
tractions with accuracy comparable or better than existing methods.
Particularly, compared with the previous method using a set of custo-
mized building types to characterize spatial arrangement information,
the proposed method achieved a higher classification accuracy, and a
higher flexibility when applying the proposed method to different
urban environments.
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