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ABSTRACT

Urban land-use mapping is a significant yet challenging task in the field of remote sensing. Although numerous
classification methods have been developed for obtaining land-use information in urban areas, the accuracy and
efficiency of these methods are insufficient to meet the requirements of real-world applications such as urban
planning and land management. In recent years, deep learning techniques, especially deep convolutional neural
networks (DCNN), have achieved an astonishing level of performance in image classification. However, the
traditional DCNN methods do not focus on multispectral remote sensing images with more than three channels,
and they are limited by their training samples. In addition, these methods uniformly decompose large images
into small processing units, which chop up the land-use patterns and produce land-use maps with obvious
“blocks”. In this study, a semi-transfer deep convolutional neural network (STDCNN) approach is proposed to
overcome these weaknesses. The proposed STDCNN has three parts: one part involves a transferred DCNN with
deep architecture; another part is designed to analyze multispectral images; and the final part fuses the first two
parts into a classification layer. Moreover, a skeleton-based decomposing method using street block data is
devised to maintain the integrity of the land-use patterns. In two case studies, the proposed method is used to
generate urban land-use maps from a WorldView-3 image of a 143 km? area of Hong Kong and a WorldView-2
image of a 25 km? area of Shenzhen. The results show that the proposed STDCNN obtains an overall accuracy
(OA) of 91.25% and a Kappa coefficient (Kappa) of 0.903 for Hong Kong land-use classification, and an OA of
80% and a Kappa of 0.780 for Shenzhen land-use classification. In addition, due to the proposed skeleton-based
decomposition method, the proposed method can produce better land-use maps for real-world urban applica-
tions.

1. Introduction

would be useful to extract land-use information from such HSR remote
sensing imagery, a single land parcel used for one purpose (e.g. a re-

Urban land-use mapping is a fundamental method for recognizing
and locating land-uses for different purposes, such as industrial, re-
sidential, institutional and commercial areas. Urban land-use maps
have great value for urban environment monitoring, planning and de-
signing (Voltersen et al., 2014; Wu et al., 2017), In particular, they are
useful for the study of phenomena, such as urban heat island effects
(Chen et al., 2006), urban transport (Geurs and Van Wee, 2004) and
house rents (Fujita, 1989). At present, methods for updating of urban
land-use maps depend on the interpretation of aerial photos and field
surveys, both of which are laborious and time consuming. With the
development of remote sensing technologies, a large number of high
spatial resolution (HSR) remote sensing images covering an urban area
can be obtained by sensors installed on aircraft or satellites. Although it
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sidential, commercial, or industrial area) often contains multiple types
of land-cover with distinct spatial/spectral/geometric characteristics,
e.g. a single residential area may contain trees, buildings, and water-
bodies, which makes the automatically mapping of land usage more
challenge (Zhao et al., 2016b).

Traditionally, land-use classification methods have operated at the
pixel level and assessed the geometrical, textural, and contextual fea-
tures surrounding the focal pixels. However, such methods are not
suitable for urban land-use classification based on HSR imagery. As
urban land-use class labels are usually assigned at the land parcel and
each land parcel contains a variety of land-covers. HSR images of land
parcels are too complex to be categorized at the pixel level (Wu et al.,
2009; Zhao et al.,, 2016b). Object-based classification methods
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(Blaschke et al., 2014) can have similar problems, as they derive land-
use descriptions through the application of co-occurrence (Aksoy et al.,
2005), neighborhood-graph-based (Voltersen et al., 2014; Walde et al.,
2014) or geometric measure (Huang et al., 2015) methods. These
methods can incorporate land-cover information and are compatible
with many existing land-cover classification methods. The performance
of these methods, however, depends heavily on the selected land-cover
classification system and on the accuracy of the land-cover classifica-
tion. These methods also require knowledge of land-covers and in-
formation on land-uses.

Another approach is to use per-field classification methods to di-
rectly extract and classify the low-level features of the fields (e.g.,
spectral, textural, geometrical and contextual features) with pre-
determined boundaries. This approach has many advantages over the
per-pixel or object-based methods of urban land-use classification (Hu
and Wang, 2013; Wu et al., 2009). Due to the complexity of the land-
use images, per-field classification methods should extract numerous
features and exhaustively select an optimal subset of features to obtain
the satisfied classification process. To reduce the difficulty and com-
plexity of the feature extraction, a bag-of-visual-words (BOVW) model
can be used, which views each land-use image as a bag of “visual terms”
(Quelhas et al., 2007; van Gemert et al., 2010), where each term
identifies a small aspect of the overall land-use, and captures a simple
biophysical characteristic. Instead of the low-level features, the BOVW
model represents the land-use images by mid-level features which are
obtained by coding the low-level features with a learned “dictionary” of
visual terms. The “dictionary” is often from the low-level features
through an unsupervised learning algorithm such as the k-means (Chen
and Tian, 2015; Yang and Newsam, 2011; Zhao et al., 2014), Gaussian
mixture model (Perronnin et al., 2010), spectral clustering (Hu et al.,
2015a), part-lets detector (Cheng et al., 2015) and sparse dictionary
learning (Yang et al., 2009) algorithms. The commonly used feature
coding methods (Bosch et al., 2008; Huang et al., 2013) include hard-
voting (Zhao et al., 2016b), spare coding (Cheriyadat, 2014; Zheng
et al., 2013), fisher coding (Zhao et al., 2016c), and the probabilistic
topic models (Bahmanyar et al., 2015; Lienou et al., 2010; Luo et al.,
2014; Zhao et al., 2016a, 2013; Zhong et al., 2015). Due to the adoption
of the BOVW model and the effective organization of low-level features,
the mid-level-feature-based methods can obtain better classification
accuracy than low-level-feature-based methods.

All of the aforementioned per-pixel, object-based and per-field land-
use classification methods are based on shallow architectures and hand-
craft feature descriptors, which fail to capture the fine features of the
complex land-use images used for generalization. Consequently, none
of thee methods achieve the level of accuracy required by practical
applications. In an urban land-use scheme, land-use can be described at
many levels, including pixel intensities, edges, object parts, objects
(building, trees, roads, etc.), and land parcels, all of which can be re-
presented efficiently with deep architectures. Deep learning is a process
through which a set of machine learning algorithms attempt to model
high-level abstractions of data by using deep architectures composed of
multiple nonlinear transformations (LeCun et al., 2015). As deep
learning is able to model the hierarchical representations of features
and as urban land-use schemes can be described by such features, the
deep learning model is a very promising avenue to address urban land-
use classification problems. Among the various deep learning techni-
ques, the deep convolutional neural networks (DCNN) method has
achieved an astonishing level of performance in the land-use classifi-
cation of HSR images (Jia et al., 2015; Zhang and Du, 2016). DCNNs are
composed of multiple convolutional layers, and are able to learn high-
level abstract features from the original pixel values of land-use images.
However, the increase in the number of layers increases the number of
parameters in the DCNN, which creates the requirement for a large
amount of training samples. To reduce the required number of training
land-use samples, some researchers have proposed using transfer
DCNNs (Castelluccio et al., 2015; Hu et al., 2015b; Marmanis et al.,

74

Remote Sensing of Environment 214 (2018) 73-86

2016; Penatti et al., 2015; Zhao et al., 2017) or small DCNNs with only
a few layers (Zhang et al., 2016) to prevent the overfitting of trained
networks. However, the traditional transfer DCNNs only incorporate
the grey or RGB images and fail to adapt to HSR multispectral images
(which have more than three channels), whereas the small DCNNs are
unable to take advantage of deep architecture. Therefore, a new method
is needed that can use transfer DCNNs and small DCNNs to determine
land-use classification from HSR multispectral images. Moreover, ex-
isted developed land-use classification methods tend to evenly split the
large HSR images into small processing units of fixed sizes through the
uniform decomposition method (Zhang et al., 2014, 2016). This method
chop up the patterns of land-use and generates a land-use map with
obvious “blocks”. As a result, the land-use maps obtained by traditional
DCNNs do not meet the standards needed for practical applications.

To solve these problems, this study proposes a semi-transfer deep
convolutional neural networks (STDCNN) method of land-use classifi-
cation for urban land-use mapping based on HSR multispectral images.
This STDCNN system consists of three parts. The first part of the system
is a DCNN that is transferred from the pretrained AlexNet model. This
model has been trained with a large set of natural images, including
more than 1.2 million images and 1000 classes of topographical fea-
tures (Krizhevsky et al., 2012), and is available for free on the Internet.
This transferred DCNN allows the proposed STDCNN to acquire a deep
architecture. The second part of the method is a small DCNN with only
a few layers, which is designed for interpreting multispectral images.
This small DCNN needs to be trained on the HSR multispectral images
with randomly initialized parameters. The third part of the STDCNN
method contains a fully connected layer and a softmax layer; the former
layer fuses the first two parts, and the latter layer generates a final
confidential vector of the land-use image. The proposed network can be
trained through a semi-transfer process. Due to the small DCNN and the
transfer DCNN, the proposed STDCNN can obtain good outcomes using
the limited number of training samples derived from HSR multispectral
imagery.

To obtain an urban land-use map, a street block is recommended as
the minimum land-use mapping unit (Hu and Wang, 2013; Voltersen
et al., 2014; Walde et al., 2014; Wu et al., 2009; Zhang and Du, 2015).
However, street blocks are always irregular in shape and are not sui-
table for input into a DCNN model. Therefore, a skeleton-based de-
composition method that incorporates the street block data is proposed
to adaptively split every mapping unit (or street block) into processing
units with regular shapes. The proposed decomposition method main-
tains a better integrity of the mapping units than the uniform decom-
position method. Case studies with a WorldView-3 image covering
143 km? of Hong Kong and a WorldView-2 image covering 25km? of
Shenzhen demonstrate that the proposed STDCNN can obtain better
land-use classification accuracies, and can produce more practical land-
use maps.

2. Study area and classification system
2.1. Study area and data collection

Hong Kong is one of the world's most significant financial centers,
and one of the most popular destinations for visitors. The city's service
sector-dominated economy is characterized by free trade and low
taxation, and Hong Kong has been consistently listed as the freest
market economy in the world. The second study area is Shenzhen which
is a major city in Guangdong Province, China and one of the five largest
and wealthiest cities of China. The city is located immediately north of
Hong Kong Special Administrative Region with more than 10 million
population in 2015. Land-use mapping of these areas are valuable for
better understanding and analysis of the cities. The complicated spatial
arrangement and the various types of land-use in these areas make them
worthwhile to generate the land-use map automatically. In this study,
the area under investigation covers the metropolitan areas of both Hong
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Fig. 1. Study areas and image data including the WorldView-3 images of Hong Kong and the WorldView-2 image of Shenzhen.

Kong and Shenzhen, including two areas of Hong Kong (Kowloon
Peninsula, the northern edge of Hong Kong Island and the Shatin area
in the New Territories) and one area of Shenzhen (Nanshan area in the
southwest of Shenzhen) (Fig. 1).

For the Hong Kong area, there are two WorldView-3 images with a
resolution of 1.24 m, which were acquired for land-use mapping on
October 15, 2015. One WorldView-3 image covers Kowloon and Hong
Kong Island with a size of 9472 x 9728, and the other image covers
Shatin with a size of 4352 x 4352. Both images contain 8 channels
covering 400-1040 nm spectral bands, including the coastline, blue,
green, yellow, red, red edge, near infrared 1 and near infrared 2. The
vector data on street blocks and roads are provided by the Planning
Department of Hong Kong, and the update time for these data is 2013.
Although the WorldView-3 images and the vector data were obtained at
different times, there were few changes in land-use boundaries during
these two years, and the potential influence of differences between
these times is limited and can be ignored.

For Shenzhen, the WorldView-2 image was acquired on April, 2015
with a spatial resolution of 0.5m, a size of 14,546 x 17,361 and four
spectral bands (blue, green, red, and near infrared). The vector data on
street blocks and roads are provided by the Urban Planning, Land &
Resources Commission of Shenzhen Municipality, and the update time
for these data is 2015.
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2.2. Classification system and samples

Investigation of the Hong Kong area shows that 11 types of image
structures can be used to characterize different land-use classes, in-
cluding the commercial, institutional, port, dense residential, sparse
residential, woodland, water, open space, vacant, industrial and con-
tainer terminal classes (Fig. 2). In Shenzhen, the image structures of
land-use classes appear very different resulted from both the rise of
spatial resolution of the WorldView-2 image and different cultural and
geographical condition. For Shenzhen, another 11 types of image
structures are explored to represent the following land-use classes:
commercial, institutional, dense residential, sparse residential, wood-
land, open space, vacant, industrial, container terminal, and road
(Fig. 2). Compared to the Hong Kong area, the image structure of the
road class is added for the Shenzhen area, because the highway, in-
tersection, and overpass occupy a large number of pixels due to the
0.5 m spatial resolution which should not be neglected in the process of
classification. The pairs of image structure types and the main land-use
classes are listed in Table 1. In addition, the corresponding urban
functions of image structures are also described in Table 1.

In the Hong Kong area, the training and testing samples for the
image structure types are collected from the WorldView-3 image. There
are 36 samples per land-use class collected for training, each with a size
of 256 X 256. In addition, the following numbers of testing samples
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Fig. 2. Images of different structural types with false color (R: near infrared 2; G: red; B: green) for both the Hong Kong and Shenzhen area. (For interpretation of the
references to color in this figure legend, the reader is referred to the web version of this article.)

Table 1
Pairs of the image structure types and land-use classes, and their corresponding
description of urban functions.

Structure Main land-use Urban function
HI, S1 Commercial Catering, hotel, shop, residential,
office
H2, S2 Institutional Education, church, scientific research,
office
H3 Port Port, ship, water
H4, S3 Dense residential (D_Resid) Residential with dense population
H5, S4 Sparse residential (S_Resid) Village, villa, shop, old residential
He6, S5 Woodland Woods, grass, park building
H7 Water Water, ship
HS8, S6 Open space Park, sports field, leisure square
H9, S7 Vacant Unused or developing area
H10, S8 Industrial Factory, warehouse
H11, S9 Container terminal Container, terminal square
(C_Termi)
S10 Medium residential Residential with medium dense
(M_Resid) population
S11 Road Highway, overpass, and intersection

(having the same image sizes as the training samples) are collected for
the following land-use types: 15 commercial, 25 institutional, 15 port,
25 dense residential, 25 sparse residential, 25 woodland, 25 water, 25
open space, 20 vacant, 25 industrial and 15 container terminal samples.
For Shenzhen, the training and testing image samples are extracted
from the WorldView-2 image. There are 40 training samples and 30
testing samples per land-use class with a size of 256 x 256 to test the
performance of the classification.

3. Methodology

To produce a land-use map from a HSR multispectral image, a
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STDCNN-based land-use mapping method is proposed. In the proposed
method, the HSR image and vector data on the street block and roads
are pre-processed, and a STDCNN model is trained. The large HSR
multispectral image is then decomposed into processing units using a
skeleton-based decomposition method. Subsequently, the trained
STDCNN is used to classify the processing units into different land-use
classes. Finally, the land-use labels of the processing units are merged
into the large land-use map according to the restrictions provided by
the street block data. The details of the proposed land-use mapping
method are described in the following three subsections.

3.1. Pre-processing HSR images and vector data

The HSR images and the vector data of the street blocks and roads
are both projected into the same geo-referenced coordinate system
(UTM/WGS84 in this study). The vector data are then co-registered
with the HSR images in this coordinate system. For the image data, all
of the channels of images are normalized using z-score method. In the
normalized image, the values lower than —1 are set to —1, and values
higher than 1 are set to 1. Finally, the images are stretched to [0, 255]
linearly. This normalization method not only reduces the amount of
data, but also keeps enough spatial/spectral information for urban land-
use classification of HSR imagery.

3.2. STDCNN

3.2.1. Structure of STDCNN

The structure of the proposed STDCNN, shown in Fig. 3, includes a
transfer DCNN, a small DCNN with a limited number of layers, and a
fully connected layer that fuses the first two parts. The proposed
STDCNN model includes a trainable multilayer architecture that con-
tains a number of convolutional, pooling and fully connected layers.
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Fig. 3. Structure of the proposed STDCNN.

3.2.1.1. Convolutional layer. The input to each convolutional layer is an
m X n X r feature map, where r is the number of channels of the feature
map, and m X n is the size of the feature map. The convolutional layer
has K filters of size [ X | X r/, where the size of [ X [ is smaller than the
size of the input feature map, | < minm, n, and ¥ can either be equal to
the number of channels r, or less. The output is an m x n' x K feature
map with K channels and a size of m’ x n'. Let Wy be the k-th filter, and
X be the input feature map. The output k-th feature map, 2z, can be
computed by the equation zx = Wy *X + by, where * is the 2-D discrete
convolutional operator, and b is the trainable bias. Following the
convolutional operator, a nonlinearity function f(+) is often applied to
the output feature map, for which the rectified linear unit,
f(x) = max(0, x), is commonly used.

3.2.1.2. Pooling layer. The pooling layer simply takes the activations
within small spatial regions of each feature map and then use the
maximum or average operator to extract values for the spatial regions.
The pooling layers using the maximum operator or average operator are
called the maximum pooling or the average pooling, respectively.

3.2.1.3. Fully connected layer. The fully connected layer is very similar
to the convolutional layer. However, unlike the convolutional layer, the
size of the filters of the fully connected layer, m X n X r, are the same as
those of the input feature map. Therefore, given K fully connected
filters, the output of the fully connected layer is a K-dimension vector.

The components in the network structure of the STDCNN are given
in Table 2, where B is the number of channels for the input images, and
L is the number of land-use classes.

For the transfer DCNN in the STDCNN, the related parameters are
initialized by a pretrained DCNN. In the field of image recognition,
there have been several successful modern DCNN architectures, such as
AlexNet (Krizhevsky et al., 2012), CaffeNet (Jia et al., 2014), Goo-
gLeNet (Szegedy et al., 2014) and VGGNet (Simonyan and Zisserman,
2014). Among these architectures, the AlexNet is highly regarded and is
often used as a baseline DCNN. Therefore, the transfer DCNN in the
proposed STDCNN uses AlexNet as the basic model. As the pretrained
AlexNet is trained by the images with only RGB channels, the RGB
channels of input HSR multispectral data are used as the input for the
transfer DCNN. The layers of AlexNet that are transferred into the
STDCNN include the five convolutional layers and the first fully con-
nected layer, which contain 96, 256, 384, 384, 256 and 4096 hidden
units, respectively. Following these transferred layers, two fully
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Table 2
Configuration of the proposed STDCNN.
Layer name Layer type Input size Filters  Stripe
Input Image data 227 X 227 X B - -
Five convolution layers and the first fully connected layer of AlexNet
Transfer DCNN  TL1 Fully connected 1 X 1 X 4096 512 -
TL2 Fully connected 1 x 1 x 512 256 -
Small DCNN SL1 Convolution 5x5x%xB 64 2
Pooll Max pooling 3x3 - 2
SL2 Convolution 3 x 3 Xx64 128 1
Pool2  Max pooling 3x3 - 2
SL3 Convolution 3x3x128 256 1
Pool3  Ave pooling 28 x 28 - -
SL4 Fully connected 1 x 1 X 256 256
Concatenation of TL2 and SL4
Fusion FL Fully connected 1 x 1 x 512 L -
Softmax

connected layers, namely TL1 (with 512 hidden units) and TL2 (with
256 hidden units), are designed to adapt to the new data.

For the small DCNN in the STDCNN, there are three convolutional
layers, namely SL1, SL2 and SL3, and one fully connected layer, SL4.
The SL1 and SL2 layers are followed by the maximum pooling, but the
SL3 layer is operated by the average pooling. The local response nor-
malization is also conducted after the pooling of the first and second
convolutional layers (Krizhevsky et al., 2012). The small DCNN is de-
signed for multispectral images without limitations on the number of
input channels.

Finally, the outputs of the transfer DCNN and the small DCNN are
fused into a single layer, which is the fully connected layer, or FL. After
the softmax function, the output vector of the FL layer gives more
confident identifications of L land-use classes. If the size of the input
image is larger than 227 X 227, the random cropping and mirroring
operator is applied to ensure that the image size is suitable for feeding
to the STDCNN (Jia et al., 2014).

3.2.2. Back-propagation (BP) learning

The entire network can be trained by the BP of a loss function
(Rumelhart et al., 1986). Let (X;,y;) be the i-th training sample, where X;
is the image data, y; = (3,1, Y 2,*** »Y.1) Yix € {0, 1} is the true land-use
label vector. W be the parameters of STDCNN; ®(X,,y;,W) be the loss on
the i-th sample. The loss function J(W) throughout all of the training
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samples can be calculated with Eq. (1), where N is the number of
training samples, (W) is the regularization term, and A is a weight
decay coefficient.

N
T(W) = % 3 ®(X;, y, W) + Ar (W),

i=1

(€8]

The parameters W can then be updated by minimizing the loss
function. N can be very large, so in practice we can use a stochastic
approximation of this objective in each BP iteration. A mini-batch of n
< N training samples can be drawn from the N training samples. To
minimize the loss function, a stochastic gradient descent (SGD) (Bottou,
2010) can be used to update the parameters W.

During the training procedure, a step-by-step training strategy is
recommended. Before training the STDCNN, the small DCNN is ran-
domly initialized and trained using samples that have all of the chan-
nels. To make it possible to obtain the L dimension vector and compute
the loss function, a new fully connected layer with a size of
1 X 1 X 256 and L hidden units is concatenated to the SL4. Then, the
five convolutional layers and the first fully connected layer of the
transfer DCNN are transferred from the pretrained AlexNet. Next, the
layers of the small DCNN (SL1, SL2, SL3 and SL4) are initialized by the
trained small DCNN model, and the other layers, (TL1, TL2 and FL) are
initialized randomly. Finally, the STDCNN is fine-tuned through SGD
optimization to obtain the trained STDCNN, which can be used to
classify the processing units of the HSR multispectral imagery.

3.3. Skeleton-based decomposition method with the street blocks

To deal with the large HSR multispectral image, a decomposition
method should be used to split the large image into small processing
units. Previous studies (Voltersen et al., 2014; Zhang and Du, 2015)
have proposed dividing large images into parcels (mapping units) based
on street blocks to generate a practical land-use map. However, the
shapes of these mapping units are often irregular, or have different
scales, which may make them unsuitable as input for the DCNN model.
This study proposes a skeleton-based decomposition method that
samples every mapping unit and represents it with a set of processing
units of a regular size. To represent the mapping units more accurately,
the center of the union of the processing units should be placed at the
center of the mapping unit for emphasis. In a mapping unit, the skeleton
can maintain a unit's the geometric form and locate the unit's central
area [Fig. 4 (a)]. Therefore, it is reasonable to use the skeleton of the
mapping unit to derive the set of candidate centers of the processing
units.

3.3.1. Morphological skeleton extraction

In the proposed method, the morphological operator (Haralick and
Shapiro, 1992) is used to extract the skeletons of the mapping units. For
each mapping unit, the minimum bounding box is used to generate a
binary image X where the values of pixels located in the mapping unit
are set to 1, and the others are set to 0. Given a structuring element B, a
family of shapes {nB};, can be constructed, where,nB = B @ ---@®B, n

is the size of the structuring element of n B. The skeleton Sn(thmce;n be
obtained by the morphological Eq. (2), where INF is an infinite number,
© is the binary erosion operator and - is the binary opening operator.
With the increase of n, the operator (X © n B) shrinks the areas with the
value 1 until all values in X become 0. At that time, the process of
skeleton extraction is completed for the mapping unit.

INF

SX) = US(X), S,(X)=(X6nB)— (XEnB)oB. @
n=1

3.3.2. Determination of the centers of processing units
Using the morphological skeleton operator, it is possible to obtain a
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skeleton with a connected line that is 1 pixel thick [Fig. 2 (a)]. The
points on this skeleton are the candidates for being the centers of the
processing units. To select the final centers from these candidates, an
iteration algorithm is tested. Given N candidates P{), = {p®},, p* is
the location of the i-th candidate at the t-iteration, and the center of the
mass O of the candidates is pg) = Zf\il pE’)/N . The first center is se-
lected the with  the to p¥,
pl= = min =N D (p“=Y — p{=Y) [Fig. 2 (a)]. The other candi-
i i=1

as point minimum distance

dates in the processing unit that correspond to the first center p(C[:D are
removed, and the points on the border of the processing unit 1‘32’) are
added into the next generation set of candidates: P+ = PY) /p®( Jp®
[Fig. 2 (b)]. The next center is found in the set of the remaining can-
didates, P{+D, according to the same minimum distance rule applied to
find the first center. The iteration of selecting, removing and adding
steps is not stopped until the set of candidates P.,, becomes empty
[Fig. 2 (d)]. Following the selection of centers from the first generation
of candidates, a similar selection is conducted on the next generation of
candidates [Fig. 2 (e)]. When no candidate remains, the center selection
step for the processing units ends.

For example, in Fig. 2, point 1 is selected as the first center of the
processing unit, because it is nearest to the center of the mass of can-
didates O. The candidates in the first processing unit are removed from
the set of candidates [Fig. 2 (b)]. Among the remaining candidates,
point 2 is the nearest point, and points 3, 4 and 5 are gradually selected
to be centers [Fig. 2 (c) and (d)]. As candidates are removed from the
processing unit, the points on the white border line are added to the
next generation of candidates. After the candidate set of the former
generation (within the yellow lines) becomes empty [Fig. 2 (d)], the
center selection processing continues by using the candidates in the
next generation (white lines) [Fig. 2 (e)]. When there is no candidate
remaining in any generation of candidate sets, the center selection
process ends [Fig. 2 (f)].

The result of the skeleton-based decomposition of a small HSR
image is shown in Fig. 5. The unified decomposition selects centers with
fixed spacing, without considering the street blocks. Compared to the
unified decomposition. The skeleton-based decomposition method
performs better than the unified decomposition method in obtaining the
centers for each mapping unit, and this process ensures that the centers
are located in the main areas of the mapping units.

3.4. Land-use mapping

The processing units generated by the decomposition method can
then be classified by the trained STDCNN. After classification, an L
dimension vector y = (y,-++, yz) can be obtained, where the value in the
k-th component, yy, indicates the level of confidence of the identifica-
tion of the corresponding k-th land-use class. To get the land-use map
for a mapping unit, all of the processing units with centers in that
mapping unit should be combined with the following two steps: cal-
culation of a confidential vector for each pixel and combine the con-
fidential vectors of pixels in the mapping unit.

3.4.1. Calculation of a confidential vector for each pixel

For each processing unit, there can be three types of regions, Ry, R
and R, and each one needs to be treated differently (Fig. 6). R; is the
region in the mapping unit that is overlapped by other processing units;
R, is the regions covered by only one processing unit, and Rj3 is a region
of a processing unit that is not in a mapping unit. The pixels in R3 are
ignored, because they are not in the mapping unit.

Let the confidential vector of the pixel p in the processing unit be y;,.
The calculation of y, can be calculated using Eq. (3). In Eq. (3), {y}i,
indicates the confidential vectors of the processing units covering R; or
R,, and n is the number of related processing units, where n = 1 for R,.
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Fig. 4. Decomposition of the HSR image, based on
the skeleton of the street block; (a) extract the ske-
leton, and find the center of the first processing unit;
(b)-(d) remove the candidates in the selected center,
and find the other centers of processing units; (e)
find the centers from the candidates of the next
generation; (f) find the final centers of the processing
units.

()

®  (Center of the processing unit ©  Center of the candidate mass

== Skeleton of street block —— Next generation candidates
3y Mapping unit (street block ) [ ] Processing unit

1 .
y = ;Z:’:lyi, if peRUR
A .

?, otherwise 3)

® Center of the
processing unit

Q Mapping unit
[] Processing unit

3.4.2. Combination of the confidential vectors of pixels

Let {yp}gil be the confidential vector of pixels in the mapping unit,
and M be the number of pixels in the mapping unit. The confidential
vector of the mapping unit can be computed by the equation
y= 22’[:1 ¥, In addition, the land-use map can be acquired by labeling
the mapping units according to the max. confidential rule,
§ = argmaXye(1,L)Vk-

The procedure for the land-use mapping method based on STDCNN
is illustrated in Fig. 7. In the first step, the training samples are collected
to train the STDCNN. The large HSR multispectral image is split into
processing units by the skeleton-based decomposition method. The
processing units are then classified by the trained STDCNN model.

Fig. 6. Post-classification by trimming the processing unit with the mapping
unit.

Uniform decomposition Skeleton-based decomposition

s SR t S - I r: E~
® (enter of the processing unit Skeleton — Street block
Fig. 5. Skeleton-based decomposition results of an HSR image with the street blocks.
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Fig. 7. Land-use mapping method based on STDCNN.

Finally, the processing units are combined to generate a land-use map.
4. Experimental evaluation and analyses

To obtain land-use maps of the study areas, two steps are conducted,
namely the land-use classification and the land-use mapping. The land-
use classification involves classifying the processing units, i.e., the small
land-use images, and the land-use mapping involves decomposing the
large HSR images and combining the classification results of the pro-
cessing units to generate a final land-use map. The confusion matrix,
overall accuracy (OA), and Kappa coefficients (Kappa) are used to
evaluate the performance of the land-use classification; the McNemar's
test is also applied to evaluate the accuracy of different methods. In
addition, the land-use maps are evaluated through a visual interpreta-
tion of the image and the points of interest.

4.1. Evaluation of land-use classification

In the evaluation experiments, the transfer DCNN (Zhao et al.,
2017) and the small DCNN of the STDCNN are used to classify the land-
use images by adding a fully connected layer with a size of 1 X 1 X 256
and 11 hidden units. If the parameters of any layer in the three DCNNs
are pretrained (before the DCNN training), the learning rate of that
layer is set to 0.001, and the other layers are set to 0.01. For the SGD
optimization algorithm, the batch size is set to 66, the weight decay is
set to 0.0005, the momentum is set to 0.9, and the number of iterations
is set to 10,000. These parameters are set at levels that let the algorithm
perform well. These experiments are conducted with the Caffe platform
(Jia et al., 2014) on the Ubuntu 12.04 operation system with 8 Intel
Xeon(R) E5620 @ 2.40 GHz CPU and an NVIDIA GTX 670 GPU with
4 GB memory. The accuracies of the land-use classification produced by
the three DCNNs are reported in Table 3, and the confusion matrices are
shown in Fig. 8. The classification accuracies of the methods mentioned
in Yang and Newsam (2011) and Zhao et al. (2013) are also shown in
Table 3. The McNemar's tests are performed to assess the differences
between the STDCNN and other methods (Table 4).

As shown in Table 3, the proposed STDCNN achieves the highest OA
(91.25%/80.00%) and Kappa (0.903/0.780) for the two datasets. A
comparison of the transfer DCNN (OA 87.91%/71.52% and Kappa
0.867/0.687) and the small DCNN (OA 85.83%/76.06% and Kappa
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Table 3
Classification accuracies of the proposed STDCNN.
Method Hong Kong Shenzhen
Yang and Newsam (2011) OA(%) 80.00 71.82
Kappa 0.779 0.690
Zhao et al. (2013) OA (%) 77.08 70.00
Kappa 0.747 0.670
Transfer DCNN (Zhao et al., 2013) OA (%) 87.91 71.52
Kappa 0.867 0.687
Small DCNN OA (%) 85.83 76.06
Kappa 0.843 0.737
STDCNN OA (%) 91.25 80.00
Kappa 0.903 0.780

The data with bold format indicate that the data is better than the other data
without bold format.

0.843/0.737) shows that the STDCNN improves the OA by more than
3%/8% and 5%/3.5%, and the Kappa by more than 0.03/0.09 and
0.06/0.04 over the transfer DCNN and the small DCNN for the Hong
Kong dataset and the Shenzhen dataset, respectively.

The p-values given in Table 4 suggest that the differences in accu-
racy between the STDCNN and transfer DCNN in the Hong Kong dataset
(0.0801) and between the STDCNN and small DCNN in the Shenzhen
dataset (0.0736) are greater than 0.05, whereas the other differences
are less than 0.05. These results indicate that the results of the STDCNN
are significantly better than those of the other methods, except for the
transfer DCNN in the Hong Kong dataset. The results achieved by the
STDCNN in the Shenzhen dataset are significantly better than those of
the other methods, except for the small DCNN.

The confusion matrices (Fig. 8) suggest that the application of the
proposed STDCNN to the Hong Kong dataset achieves accuracies that
are equal to or more than 80% for all classes, and more than 90% ac-
curate for six of the land-use classes, namely commercial, port, wood-
land, water, industrial and container terminal. Compared to the transfer
DCNN, the STDCNN more accurately identifies commercial (93.3%),
institutional (84.0%), port (93.3%), dense residential (84.0%), open
space (88.0%) and industrial (100.0%) areas. The STDCNN also gives a
better classification performance than the small DCNN for open space,
vacant space and industrial areas. For the Shenzhen dataset, the pro-
posed STDCNN is over 90% accurate in the classification of vacant,
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Fig. 8. Confusion matrices of land-use classification with different methods for the Hong Kong and Shenzhen datasets: (a) and (b) transfer DCNN; (c) and (d) small
DCNN; (e) and (f) STDCNN; (a), (c), and (e) Hong Kong; and (b), (d), and (f) Shenzhen.

Table 4
p-Values of McNemar's tests between the proposed STDCNN with other classi-
fication methods for the Hong Kong and Shenzhen dataset.

Methods p-Value

Hong Kong Shenzhen
Yang and Newsam (2011) 0.0000 0.0059
Zhao et al. (2013) 0.0000 0.0007
Transfer DCNN (Zhao et al., 2017) 0.0801 0.0003
Small DCNN 0.0163 0.0736
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container terminator, road, sparse residential, and woodland areas.
Compared to the transfer DCNN and the small DCNN, the proposed
STDCNN more accurately classifies the dense residential, institutional,
open space, and road areas. However, both the proposed STDCNN and
the other two methods do not obtain satisfactory accuracy in the clas-
sification of commercial, industrial, and medium residential, primarily
due to the difficulty in discriminating between these land-use classes in
HSR images without the auxiliary data on human activities.

A comparison of the accuracy curves during the training process for
the transfer DCNN, small DCNN and STDCNN in Fig. 9 shows that the
training and testing curves of the transfer DCNN and STDCNN rise
sharply in the first several hundred iterations and then remain
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Fig. 9. Accuracy curves of the different methods during the training process: (a) and (c) training accuracies; (b) and (d) testing accuracies; (a) and (b) Hong Kong; (c)

and (d) Shenzhen.

relatively stable for both datasets, whereas the training and testing
curves of the small DCNN increase relatively slowly at first, and then
remain stable after several thousand iterations for both datasets. This
pattern indicates that the transfer DCNN and STDCNN trained with the
partially pretrained parameters of the networks converge faster, during
the training process. The testing curve of the STDCNN stays above that
of the other methods, indicating that the proposed DCNN obtains a
higher accuracy with relative stability.

These results indicate that the performance of a transfer DCNN can
be improved, because the transfer DCNN uses only the RBG channels of
the multispectral images. The small DCNN, however, learns the features
of the images without a deep architecture, despite using all of the
multispectral images' channels. The proposed STDCNN can combine the
advantages of the transfer DCNN and the small DCNN to obtain a better
performance than either of the other two methods alone.

4.2. Evaluation of land-use mapping

After training, the trained STDCNN model is used to classify the
processing units obtained by either the uniform decomposition or the
skeleton-based decomposition. In the uniform decomposition method,
the processing units are obtained by splitting the HSR multispectral
image into equal sections of 256 X 256 with a spacing of 128; this
ensures that each pair of two 4-connected neighborhood units has a
50% overlap. This setting is consistent with the skeleton-based de-
composition process. The confidential vectors of the pixels in the
overlapped areas are computed by averaging the confidential vectors of
processing units contained in each overlapped area. By applying the
maximum rule, the land-use labels of pixels can be derived from the
confidential vectors. Figs. 10 and 11 display the four land-use maps
obtained by the STDCNN with uniform and skeleton-based decom-
position methods for the Hong Kong and the Shenzhen area, respec-
tively. Overall, the land-use map obtained using the proposed skeleton-
based decomposition method are more elaborate than those obtained
using the uniform decomposition method.

Four small areas of the maps are magnified for closer comparison.
The amplified images are generated by overlapping the original HSR
multispectral image with the land-use map, with 40% transparency.
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The amplified images shown in Fig. 10 show that the industrial area in
image 1 and the dense residential area in image 2 are split by the
uniform decomposition method, but are well-preserved in the maps
using the skeleton-based decomposition method. In addition, the sparse
residential area in image 3 and the dense residential area in image 4 are
misclassified in the process using the uniform decomposition method,
because the center of the residential area is not located in the proces-
sing unit, and is therefore easily misclassified as a different land-use
class (institutional). This problem is solved by the use of the skeleton-
based decomposition method, which ensures that the center of the
street block is placed at the center of the processing unit. Similarly, the
amplified images in Fig. 11 shows that a commercial area in area 1, an
open space area in area 2, and an institutional area in area 3 are clearly
recognized by the proposed decomposition method, but are mis-
classified by the uniformly decomposition method. Therefore, the pro-
posed skeleton-based decomposition method provides a better perfor-
mance than the commonly used uniform decomposition method.

The final land-use map can be acquired after applying the constraint
of the street block data,. Let a mapping unit (street block) be
O = {p1, -, pn}, where p; is the confidential vector of the j-th pixel in
this unit. The confidential vector of the mapping unit can be calculated
by p, = Zi.v:l p;/N. Let the major land-use class of a street block be the
class of the street block indicated by the use of argmin;p,, ;, where po; is
a component of po. The final land-use maps can then be obtained, as
shown in Fig. 12. Due to the lack of a true land-use map, a visual
evaluation is used to assess the final land-use maps. This evaluation is
done by overlapping the final land-use map with the original HSR
image (Fig. 12).

The comparison of the original HSR images with the final land-use
maps obtained by the proposed method shows that the obtained land-
use map generated by the proposed method comes close to labeling the
different urban areas correctly. Among the various land-use classes, the
commercial, institutional, residential, open space and industrial areas
are difficult to classify correctly. However, three amplified areas con-
taining these types of land-use(Fig. 12) demonstrate that the proposed
method can produce satisfactory land-use maps of these areas.

It is worth noting that the confidential vectors of the street blocks
contain mixed information from different land-use classes, as these
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Fig. 10. STDCNN land-use maps with different decomposition methods before the street block restriction, from the WorldView-3 image of Kowloon and Hong Kong

Island.

street blocks can consist of multiple parts of processing units with dif-
ferent land-use classes. Therefore, each component of the final con-
fidential vector of the street map contains the fractional information for
the corresponding land-use classes. Combining each component of the
confidential vectors of all of the street blocks generates a map that
displays the spatial arrangement of the land-use class represented by
those components. Fig. 13 shows the component maps of all of the land-
use classes obtained by the STDCNN land-use mapping based on ske-
leton-based decomposition after the restriction of street block data. The
spatial arrangement of the different land-use classes can be inferred
from this figure.

Uniform decomposition

4.3. Discussions

The proposed STDCNN land-use mapping method automatically
generates an urban land-use maps based on HSR multispectral remote
sensing images and street block data. However, the performance of this
proposed mapping method is highly dependent on the quality of the
STDCNN land-use classification, which is based solely on the HSR re-
mote sensing image without any other data sources. In some well-de-
signed and developed urban areas, this method can rapidly obtain an
accurate land-use map. However, in some areas, land-use classes such
as the commercial, residential, and industrial areas are not recognizable

Skeleton-based decomposition

-Commercial-lndustrial- S Resid |:|Woodland |:|Vacant|:|Road

-Institutional-D_Resid -M_Resid-Open space DC_Termi

Fig. 11. STDCNN land-use maps with different decomposition methods before the street block restriction, from the WorldView-2 image of the Nanshan district of

Shenzhen.
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Fig. 12. Land-use maps obtained by STDCNN based on the skeleton-based decomposition method and street block restriction for Kowloon and Hong Kong Island,
Shatin, and Shenzhen. The new land-use maps overlapped with the corresponding original HSI images are also displayed.

in airborne or satellite images, as these land-use types may have similar
textures, structures, shapes, or other features. For these complex si-
tuations, the land-use mapping technique should be combined with
other types of data, such as the height of buildings, and other GIS data
to generate a more reliable map. Moreover, as the land-use of urban
areas is highly related to socioeconomic factors, human activities have a
large effect on the types of land-use. Therefore, some data on the dis-
tribution of human activity can also be included to produce a more
accurate land-use map for practical application.

5. Conclusions

This study presents a new STDCNN method for the land-use classi-
fication of high spatial resolution (HSR) multispectral remote sensing
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images. One part of the STDCNN (the transfer DCNN) is transferred
from AlexNet and used to deepen the structure of the STDCNN. Another
part of the STDCNN is a small DCNN with a limited number of layers,
which is designed to analyze multispectral images with more than three
channels. These two parts of the STDCNN are then fused into a fully
connected layer that combines the advantages of the transfer DCNN and
the small DCNN. This new method overcomes the weaknesses of the
traditional DCNN (i.e. it cannot deal with HSR multispectral images
with more than three channels) and of the traditional small DCNN (i.e.
it does not involve the deep architecture of the DCNN). The experi-
mental results from an analysis of WorldView-3 images of Hong Kong
and a WorldView-2 image of Shenzhen indicate that the proposed
STDCNN land-use classification method can obtain 91.25%,/80.00%
OA, and 0.903/0.780 Kappa for the two datasets. These results exceed
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those of methods given in Yang et al. (2009) and Zhao et al. (2013), the
transfer DCNN (Zhao et al., 2017), and the small DCNN.

Furthermore, to overcome the weakness of the uniform decom-
position method used in previous DCNN methods, which commonly
split the land-use pattern into pieces, a new skeleton-based decom-
position method that incorporates street block data. The new method
adaptively splits large images into small processing units in a way that
maintains the integrity of the land-use patterns. The experimental re-
sults from the analysis of a large WorldView-3 image of 143km? of
Hong Kong and a large WorldView-2 image of 25km? of Shenzhen
show that the proposed skeleton-based decomposition method produces
better land-use maps than those produced by the uniform decomposi-
tion method. Visual comparisons show that the proposed STDCNN land-
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Fig. 13. STDCNN land-use maps of each land-use class based on the skeleton-based decomposition method and street block restriction. (a) Kowloon and Hong Kong
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use mapping method can obtain a satisfactory and practically useful
land-use map. Furthermore, the proposed deep learning approach can
be easily generalized to an automatic program.
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