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Abstract: Coastal reclamation in Guangdong Province is highly concentrated and is growing rapidly.
However, intensive reclamation use has resulted in serious influence on the coastal ecosystem, directly
and indirectly. The current conditions and spatial distribution of reclamations must be detected for
coastal preservation and management using efficient technology. This study aims to find a suitable
method and data to map reclamations accurately at a large scale. Pixel-based and object-oriented
classification methods were applied in extracting the three typical types of coastal reclamation,
namely, ports, aquaculture ponds, and salt pans, in Guangdong Province from Landsat 8 and Sentinel
2 images. The algorithms of a support vector machine, random forest, decision tree, and rule-based
algorithm were performed. Classification results were compared with statistical measures to assess
the performance of different algorithms. The results indicated that all of the algorithms could obtain
classification results with high accuracy, whereas the object-oriented algorithm showed less efficiency
than other algorithms in classifying ports with complicated features. High-resolution data were
not always superior to lower-resolution data in the reclamation classification. Generally speaking,
applying the rule-based object-oriented algorithm in Sentinel 2A MSI images is relatively efficient at
detecting the reclamation use in coastal Guangdong considering its actual situation. The mapping
of reclamations in the whole of coastal Guangdong shows that they present obvious agglomeration
characteristics in the space. The aquaculture ponds are mainly distributed in the coastal zones of
western Guangdong and eastern Guangdong, with the largest area of 77,963 ha. The other types of
ports are mainly distributed in the coastal zones of the Pearl River Delta, with an area of 8146 ha,
while salt pans are mainly distributed in the coastal zones of Jiangmen, Zhuhai, and Zhongshan, with
a total area of 4072 ha. The results can provide key supporting data for decision making in coastal
management and preservation.

Keywords: reclamation detection; classification algorithms; object-oriented; support vector machine;
random forest; decision tree

1. Introduction

Since the policy of reform and opening-up was launched in 1978, more than 750,000 ha of
wetland has been encroached upon due to reclamation in China’s coastal zone [1,2]. As
reported by Zhang and Su, a total area of about 487 km2 in the top ten provinces was
reclaimed from the sea between 2002 and 2007 [3]. This caused an adverse impact on the
coastal marine environment [4]. For example, Liu found that the increase in reclamation area
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would cause irreversible damage to the marine ecosystem [5]. Guo made a comprehensive
analysis about the process of reclamation in Shenzhen and showed that reclamation could
result in the instability of beaches, strengthened troughs, and reduced tidal influx [6]. For
sustainable development, the scale and growth rate of reclamation should be restrained to
protect the marine ecosystem; it is of great practical significance to accurately monitor the
current status and track the dynamic change of coastal reclamation.

Although the traditional field survey served the research community of reclamation
monitoring for many decades, it is limited by spatial and temporal coverage. Previous
studies indicated that remote sensing could provide a synoptic view of coastal reclamation
over a variety of spatial and temporal scales. Many research endeavors have proven
this. For example, remote sensing images and topographic maps were used to restore the
changes made to the Karnataka coast in India from 1910 to 2005 [7]. Landsat images were
used to monitor the spatiotemporal patterns of coastal wetlands and reclamation in the
Yangtze Estuary from the 1960s to 2015 [8]. As for the extraction of reclamation information,
relevant research has mainly focused on the application of two typical methods, namely,
pixel-based and object-oriented algorithms. Pixel-based algorithms assign each pixel to a
class according to its spectral similarities [9]. Several pixel-based methods, such as support
vector machine (SVM), random forest (RF), and decision tree (DT), have been gradually
applied to mapping reclamation areas or detecting the reclamation change [10–12]. In
comparison, object-oriented methods perform classification based on image objects [13].
The two main steps are listed as follows: (1) an image is preliminarily separated into
many non-intersecting and homogeneous objects, considering the similarities of each
pixel [14]; (2) the segmented objects are classified into different types through a series
of algorithms according to their textural and contextual information as well as spectral
information [15]. For instance, Suo developed an object-oriented method to extract and
evaluate the inventory resources of reclamation in Yingkou City, China [16]. Huang and
Wei used an object-oriented method to extract the artificial land aquaculture bases of
14 coastal cities in Guangdong Province from 2015 to 2019 with Sentinel 1 data [17].

These two types of methods have been successfully applied in reclamation classifica-
tion, and most studies have mainly focused on using one method to identify reclamation in
coastal zones or detect its temporal variations. These classification methods have actually
shown some deficiencies in different types of reclamation separation. Pixel-based classifica-
tion has been proven to be suitable for reclamation classification using medium-resolution
images but is limited by only utilizing spectral information without considering the texture
and contextual information [18], which results in lower accuracy when a certain type of
reclamation shows typical characteristics of a texture with a few differences in spectral
information. Moreover, each pixel-based algorithm also shows different efficiencies in
identifying different types of reclamation. While object-oriented methods have commonly
been applied to high-resolution images, such as QuickBird and IKONOS, with a spatial
resolution less than 2 m [19,20]. Actually, those high-resolution satellite images correspond
to a relatively long revisit period, high cost, and difficulty in capture. Additionally, when
different reclamation objects present similar texture patterns or the same type of reclama-
tion object shows different texture information, this usually results in the misclassification
of reclamation by using object-oriented methods. In contrast, medium-resolution satellite
sensors, such as Landsat 8 OLI and Sentinel 2A/2B MSI, provide data with larger coverage
and higher frequency, which are freely available, without missing important information.
Timely acquisition of large-scale reclamation-related information is particularly significant
to the evaluation of the coastal eco-environment and the management of coastal resources.
Whether object-oriented methods can obtain reasonable results in reclamation classification
with medium-resolution images such as those collected by Landsat and Sentinel is to
be validated.

Regarding different types of coastal reclamation, they show great differences both in
spectral features and texture patterns; knowing what data and which classification algo-
rithm are relatively efficient in classifying reclamations is essential for our understanding
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of their distribution characteristics, this is important to further facilitate policymaking for
environmental protection. However, few studies have attempted to assess the efficiency of
classification algorithms in detecting typical coastal reclamations at a large scale. In this
study, different algorithms were tested for extracting coastal reclamations from Sentinel
2A MSI and Landsat 8 OLI data, respectively. It aims to find a suitable method and data
to map reclamations accurately at a large scale. The specific contents are to: (1) apply
different algorithms to different satellite images; (2) evaluate and compare the classification
efficiency of different algorithms; (3) map the distribution pattern of coastal reclamations
with the optimal algorithm. This study will provide good illustrations for selecting suitable
data and clarify the feasibility of each algorithm. The results can provide a basic dataset for
resource investigation, ecological preservation, and coastal management.

2. Study Area and Materials
2.1. Study Area

This study takes Guangdong Province as an example to observe the current status of
coastal reclamation and validate the applicability of representative classification algorithms.
Guangdong Province is located in the south gate of China bounded by 20◦13′~25◦31′ N and
109◦39′~117◦19′ E. It has 3368 km of mainland coastlines and 1805 km of island coastlines.
Its climate is characterized by subtropical monsoon with a southerly wind in summer and
northerly wind in winter [21]. The features of a rugged terrain and geographical location
make it form the special landscape of ‘eight outlets into the sea’ along the Pearl River.
Gross Domestic Product (GDP) of Guangdong Province surpassed the 11 trillion yuan
mark in 2020, ranking no.1 for 32 consecutive years in China. Moreover, Guangdong–Hong
Kong–Macao Greater Bay Area links Hong Kong and Macao with nine municipalities in
Guangdong Province and is growing into a world-class city cluster. To meet the needs of
coordinated economic development and land use under rapid urbanization, land recla-
mation from the sea has turned out to be an important means of expanding land space.
According to a statistical report, coastal reclamation in Guangdong Province covered an
area of about 1500 km2 from 1949 to 1989 and about 307 km2 from 1990 to 1997 [22]. The
average annual rate of reclamation was about 44 km2, an increase of 16% compared with
the period from1949 to 1989. From 2000 to 2008, the reclamation area in the coastal zone
of Guangdong Province was about 188 km2, mainly distributed in the Pearl River Delta.
Since 1990, reclamation activities in the coastal zone of Guangdong Province have been con-
centrated in cities within the Pearl River Delta, including Shenzhen, Guangzhou, Zhuhai,
and Jiangmen.

Coastal reclamation has resulted in the emergence of many environmental problems.
The Guangdong provincial government promulgated the Marine Function Zoning of
Guangdong (2011–2020), which emphasized that the scale of reclamation for construction
in Guangdong would be controlled within 23,000 ha, equivalent to about 8.5 Macao [23].
To observe the main types of reclamation and discuss their distribution pattern in coastal
Guangdong, we restrained the study area within the 10 km buffer regions along the coastline
both to the seaward and the landward side. On the other hand, Guangdong Province can be
separated as western Guangdong, the Pearl River Delta, eastern Guangdong, and northern
Guangdong, with dissimilarities in their economic development and geographical features.
This study focuses on the former three sub-regions considering the spatial distribution of
reclamation, as shown in Figure 1. West Guangdong includes Zhanjiang, Maoming, and
Yangjiang City. The Pearl River Delta includes Jiangmen, Zhongshan, Zhuhai, Guangzhou,
Dongguan, Shenzhen, and Huizhou City. East Guangdong includes Jieyang, Shantou, and
Shanwei City.
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Figure 1. (a) Location of Guangdong Province; (b) false-color composite image (R, G, B = 3, 2, 1)
covering coastal Guangdong collected in 2019; (c) false-color composite image (R, G, B = 3, 2, 1)
covering the study area in 2019, with the overlay of municipal administrative boundaries.

2.2. Data Materials and Preprocessing

Cloud-free Landsat 8 OLI and Sentinel 2A MSI data at low tide times were acquired
between September and December 2019, as listed in Table 1. Landsat 8 OLI data were
downloaded from the website of the United States Geological Survey (USGS) (http://www.
usgs.gov (accessed on 20 March 2020)), and Sentinel 2A data were downloaded from the
website of the European Space Agency (https://www.copernicus.eu/en (accessed on 20
March 2020)).

Table 1. Dataset information about the collected Landsat 8 OLI and Sentinel-2A MSI data.

Years Sensor Type Path/Row Acquisition Date/Time Spatial Resolution

2019 Landsat 8 OLI
124−45 11 October 2019

30122−44 29 October 2019
120−44 15 October 2019

2019 Sentinel-2A
MSI

\

1 December 2019

10

4 November 2019
11 December 2019
8 December 2019

22 September 2019
18 November 2019
15 November 2019

Radiometric calibration was first carried out to eliminate the errors produced by
variations in sensor performance and characteristics over time. The Fast Line-of-sight
Atmospheric Analysis of Spectral Hypercubes (FLAASH) tool was then implemented in
Landsat 8 OLI data to obtain surface reflectance. Sentinel 2A MSI data used in this study
are the product of Level-2A, which was already atmospherically corrected. Geometric
correction and seamless mosaic were performed for all images. Finally, subset images
covering the study area were extracted to observe reclamation. All this preprocessing was

http://www.usgs.gov
http://www.usgs.gov
https://www.copernicus.eu/en
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conducted using ENVI (Environment for Visualizing Images) software from Exelis Visual
Information Solutions, USA.

3. Methodology

In this study, the performance of four classification algorithms, namely, random forest
(RF), support vector machine (SVM), decision tree (DT), and the rule-based object-oriented
methods, were tested. They drew great attention to image classification and were proven
to be mature and suitable for land-use extraction from high- and medium-resolution
images [24–26]. The four algorithms were applied to derive reclamations from Landsat
8 OLI and Sentinel 2A MSI images in this study. The optimal algorithm was determined
according to statistical analysis, which was then used to map the main types of reclamation
in the coastal zone of Guangdong Province. The main steps are illustrated in Figure 2, and
the main methodology is briefed in the following subsections.
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3.1. Establishing the Interpretation Keys

To extract the reclamation information from satellite images, specific types of recla-
mation were defined as follows: brackish water aquaculture ponds, salt pans, and ports
according to the Chinese State Oceanic Administration (HT/Y123-2009) that describes the
present situation of integrated coastal zone development in Guangdong Province [22]. With
high-resolution imagery acquired from Google Earth, the spectral, texture, tone characteris-
tics, and actual situation were analyzed to establish the interpretation keys for each type of
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reclamation. Features of different reclamation types in false-color composites are listed in
Table 2.

Table 2. Detailed information of interpretation keys for the reclamation classification.

Reclamation Type Spectral Feature Interpretation Sign Image Case

Salt pans Bright crystal precipitation,
tones of black gray or light gray

Regular arrangement and
rectangular pattern, close to

the water body
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3.2. Description for Algorithms

In this study, both pixel-based and object-oriented algorithms were evaluated. All
operations were conducted using ENVI and ArcGIS software. A brief description of each
algorithm is given below.

3.2.1. Support Vector Machine (SVM)

SVM is a machine learning method, which is mainly based on the theory of Vapnik–
Chervonenkis Dimension and the principle of minimizing structural risk [27]. It can locate
an optimal hyperplane and maximize the margin between two classes [28]. It is a supervised
model that starts with the definition of the training samples. The objective of training is
to derive an appropriate function that describes the relationship between the input and
output. A classifier (f (x)) can be expressed as

f (x) =
l

∑
i=1

cik(x, xi) (1)

where xi, i = 1, 2 . . . l are training data, k is a kernel function, and ci is constant [29]. SVM
can also transform non-linear problems to linear problems by constructing a discrimination
function in a high-dimensional space; therefore, it can avoid the risk of dimensional
disaster [30].

3.2.2. Decision Tree

Decision tree (DT) can improve classification accuracy by integrating complicated
terrain features with spectral attributes. It has the ability of classifying images with various
resolutions rapidly without statistical assumptions [31]. The main process of DT is to create
a set of rules for determining land-cover type and assigning each pixel to a class; this relies
on training sites and the values of input imagery that are usually defined by the user [32].
Therein, training sites (samples) refer to those small areas extracted from the imagery, and
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rules are commonly set from representative features characterizing different land-use types
in the study area. In recent years, DT algorithms have been widely applied in detecting
landscape dynamics.

3.2.3. Random Forest

Random forest (RF) was introduced by Breiman [33]. It is regarded as a non-parametric
‘ensemble learning’ algorithm [34,35]. It is an improvement over the bagged decision tree.
The key of RF is the creation of decision trees to form the forest. This contains two
consecutive steps. First, each tree is built using randomly selected samples. Each tree in
the forest is trained with different samples of the same size. Second, two-thirds of the
training data is used for calibration, while the remaining one-third is saved for validation.
A quality measure was assigned for the selection of attributes, and the Gini index was
adopted here [36]. It measures the impurity of an attribute with respect to different classes.
For a given training set T and a random pixel belonging to class Ci, the Gini index can be
written as

∑ ∑
j 6=1

( f (Ci, T)/|T|)( f (Cj, T)/|T|) (2)

where f (Ci, T)/|T| is the probability that the selected case belongs to class Ci.

3.2.4. Rule-Based, Object-Oriented Classifier

Different from the pixel-based classification methods, a rule-based, object-oriented
classifier firstly segments or groups pixels to obtain homogeneous image objects, which
can usually avoid the limitation of the ‘salt and pepper effect’ generated by the pixel-
based methods. Rule-based algorithms can effectively improve classification by combining
rich features, especially when applied to high-resolution images [37,38]. Features such
as primitive spectrum, shape, texture, and spatial relationship can be integrated into
analysis process to improve segmentation accuracy [39]. Then, universal methods, such as
a region-growing algorithm, can be applied in the segmented objects to realize meaningful
classification.

3.3. Statistical Measures
3.3.1. Confusion Matrix

The accuracy of classification results from different algorithms was measured with
the indices, namely, overall accuracy (OA), producer’s accuracy (PA), and user’s accuracy
(UA). They were calculated from a confusion matrix by comparing the classification results
with the ground-truth data. OA is defined as the proportion of all reference pixels that are
classified correctly (in the sense that the class assignment of the classification agrees with
the ground-truth data). PA refers to the proportion that a pixel classified as one category
in the ground-truth data is also classified as the same category in the classification map.
UA is defined as the conditional probability that a pixel classified as one category in the
classification result is placed in the same category in the ground-truth data. UA and PA
are related to the commission and omission errors in image classification, respectively [40].
Since OA, PA, and UA give no information about what types are classified with high
accuracy and cannot reflect the agreement between the classification sets and the ground-
truth data for each class of reclamation, the Kappa coefficient was further used to reflect
this agreement [41]. In this study, visual interpretation of 0.5 m resolution images from
Google Earth were used as ground-truth data to calculate the OA, PA, UA, and Kappa
coefficient. The confusion matrix is described in Table 3.
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Table 3. Description of confusion matrix used to validate the accuracy of reclamation classification.

Confusion Matrix
Actual Type

Total UA
Aquaculture Ponds Ports Salt Pans Other Type

Classified Type

Aquaculture ponds a11 a12 a13 a14 a1+ a11/a1+
Ports a21 a22 a23 a24 a2+ a22/a2+

Salt pans a31 a32 a33 a34 a3+ a33/a3+
Other type a41 a42 a43 a44 a4+ a44/a4+

Total a+1 a+1 a+2 a+3 a+4 a
PA a11/a+1 a11/a+1 a22/a+2 a33/a+3 a44/a+4

OA 4
∑

k=1
akk/a

Where a1j represents the number of the jth type in reference data, which is classified as aquaculture ponds; ai1
represents the number of aquaculture ponds in reference data, which is misclassified as the ith type; a is the total
number of validation points.

3.3.2. McNemar’s Test

McNemar’s test was used to determine the binary distinction between correct and
incorrect class assignments by different classifiers [42]. It is a non-parametric and standard-
ized normal test based upon confusion matrices in a 2 × 2 dimension. As for the same
classifier, McNemar’s test can be expressed in the following equation

Z =
f12 − f21√

f12 + f21
(3)

where f 12 refers to the pixels that are correctly classified in image 1 but misclassified in
image 2. f 21 denotes pixels that are correctly classified in image 2 but misclassified in image
1. With this test, two classifications may exhibit different accuracies at the 95% confidence
level if Z > |1.96|. To validate the suitability of classifiers for Landsat 8 OLI and Sentinel
2A MSI data, statistical significance parameters for correct and incorrect classifications are
defined in Table 4.

Table 4. Statistical significance parameters for two classifications using McNemar’s test.

Image
Landsat 8 OLI

Allocation Correct Incorrect

Sentinel 2A MSI
Correct f 11 f 12

Incorrect f 21 f 22

4. Results

Three representative regions in west Guangdong, the Pearl River Delta, and east
Guangdong were selected as examples to perform the four classification methods, as shown
in Figure 3. False-color composites were used for the selection of training data by referring
to the established interpretation keys. The training data for ports, aquaculture ponds, and
salt pans were interpreted manually in ENVI software. The spectral, texture, and spatial
features were accordingly extracted and analyzed to support the classification algorithms
with ENVI software. Table 5 shows the spectral ranges of reclamation in the three bands of
blue, green, and red, variations in texture and area, which were counted with the training
samples; some other bands and measurement indices, such as the Normalized Difference
Built-up Index (NDBI) and Normalized Difference Water Index (NDWI), were further
applied for identifying different types of reclamation that they may have similar spectral
reflectance, and those values were not shown in this Table. As can be seen from Table 5,
training samples of ports present relatively greater differences in spectral reflectance and
texture features, while salt pans show relatively less difference in these features. Since
the spectral characteristics of ports and the areas of both aquaculture ponds and salt pans
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in different areas are greatly varied, a rule-based object-oriented algorithm was applied
for retrieving the reclamations’ classifications because of its flexibility, and a series of
rules can be set according to the characteristics of reclamations in specific areas. The four
algorithms were applied to extract the reclamations’ information from Landsat 8 OLI and
Sentinel 2A MSI data in 2019. After preliminary classification, a majority analysis was
implemented, and obvious errors were further eliminated. To assess the efficiency of
the four algorithms in reclamation classification, reference samples were manually and
randomly interpreted from the images with the resolution of 0.5m acquired in Google
Earth. Referring to related research [43] and considering the total area and distribution
characteristics of the reclamations in the three sun-regions, a total of 170, 113, and 32
reference samples were selected, respectively, as validation sites in west Guangdong,
the Pearl River Delta, and east Guangdong. The number of verification sites for each
reclamation type was assigned by referring to its proportion in each sub-region. Details
about the verification sites are listed in Table 6. Values of all the accuracy indices for
different classification algorithms and different images are shown in Tables 7–9.

Table 5. Value ranges of spectral reflectance, texture, and area for different reclamation types for
training data.

Texture
Spectral (Reflectance)

Area (m2)
Red Green Blue

ports 0.05–0.2 0.44–0.82 0.53–0.86 0.69–0.87 <100,000
aquaculture

ponds 0.1–0.3 0.28–0.37 0.45–0.52 0.6–0.62 <80,000

salt pans 0.15–0.2 0.42–0.48 0.64–0.66 0.64–0.65 <10,500

Table 6. Verification points for the three main types of reclamation in different sub-regions.

Sub-Region Aquaculture Ponds Ports Salt Pans Other Type Total

West
Guangdong 103 19 35 13 170

Pearl River
Delta 55 45 6 7 113

East
Guangdong 14 14 0 4 32

4.1. Accuracy Evaluation
4.1.1. Application to Sentinel 2A MSI Data

As shown in Tables 7–9, the OA ranges from 83.05% to 88.57% when the algorithms
were applied to Sentinel 2A MSI data over west Guangdong. The object-oriented classifier
performed the best with the highest OA of 88.57%, while SVM performed poorest with
the lowest OA of 83.05%. With respect to the Pearl River Delta, the OA varies from
86.47% to 88.50%. It can be seen that the object-oriented classifier produces the highest
accuracy with the largest OA of 88.50%, and SVM has the lowest OA of 86.47%. The
four classifiers demonstrated the poorest performance over east Guangdong among the
three regions. OA was generally lower than those obtained in the other two regions. The
object-oriented classifier remained the best with the highest OA of 84.40%, while the DT
algorithm performed the poorest with the lowest OA of 77.32%. From the perspective
of the Kappa coefficient, the object-oriented classifier obtained the highest value among
all four algorithms. Its best performance was observed in the Pearl River Delta, with the
highest value of 0.827, and its lowest value of 0.672 was in east Guangdong. It can be
concluded that SVM performs poorest in west Guangdong and the Pearl River Delta, while
DT retrieved the lowest value of 0.533 in east Guangdong.
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Table 7. Accuracy validation in west Guangdong.

Method Data
Ports Aquaculture Ponds Salt Pans

k OA (%) PA (%) UA (%) PA (%) UA (%) PA (%) UA (%)

SVM
Landsat 8 OLI 0.720 81.36% 81.82% 83.80% 81.01% 83.52% 81.28% 77.15%

Sentinel 2A MSI 0.742 83.05% 85.89% 88.58% 84.14% 87.01% 76.95% 70.00%

Object-
oriented

Landsat 8 OLI 0.783 86.39% 88.69% 83.58% 83.93% 92.72% 87.32% 79.02%
Sentinel 2A MSI 0.822 88.57% 86.99% 84.31% 88.50% 93.76% 91.07% 84.95%

RF
Landsat 8 OLI 0.749 84.50% 85.27% 92.35% 74.53% 70.33% 87.96% 82.61%

Sentinel 2A MSI 0.801 86.81% 84.41% 91.20% 86.95% 86.50% 88.81% 83.72%

Decision Tree
Landsat 8 OLI 0.737 82.62% 78.79% 85.23% 80.43% 82.67% 87.55% 80.81%

Sentinel 2A MSI 0.764 84.27% 68.55% 90.43% 93.75% 81.56% 90.72% 82.77%

Table 8. Accuracy validation in the Pearl River Delta.

Method Data
Ports Aquaculture Ponds Salt Pans

k OA (%) PA (%) UA (%) PA (%) UA (%) PA (%) UA (%)

SVM
Landsat 8 OLI 0.755 84.63% 83.49% 92.35% 85.85% 78.71% 85.24% 80.02%

Sentinel 2A MSI 0.796 86.47% 83.73% 95.53% 88.70% 80.48% 87.63% 83.36%

Object-
oriented

Landsat 8 OLI 0.782 85.47% 86.00% 88.39% 87.94% 79.63% 82.78% 88.40%
Sentinel 2A MSI 0.827 88.50% 82.25% 90.77% 91.86% 86.82% 90.94% 88.43%

RF
Landsat 8 OLI 0.758 84.05% 82.74% 85.14% 84.20% 84.84% 85.55% 81.69%

Sentinel 2A MSI 0.800 86.79% 84.13% 88.98% 88.39% 88.48% 87.95% 81.94%

Decision Tree
Landsat 8 OLI 0.754 83.76% 86.83% 81.93% 81.35% 86.95% 82.48% 82.97%

Sentinel 2A MSI 0.799 86.90% 85.65% 86.50% 87.05% 87.87% 88.15% 85.99%

Table 9. Accuracy validation in east Guangdong.

Method Data
Ports Aquaculture Ponds

k OA (%) PA (%) UA (%) PA (%) UA (%)

SVM
Landsat 8 OLI 0.523 77.43% 79.95% 61.87% 76.21% 88.72%

Sentinel 2A MSI 0.603 79.77% 81.76% 68.40% 78.64% 88.41%

Object-oriented Landsat 8 OLI 0.653 83.13% 86.12% 73.91% 81.29% 90.50%
Sentinel 2A MSI 0.672 84.40% 76.53% 83.22% 89.67% 85.09%

RF
Landsat 8 OLI 0.562 79.48% 82.81% 63.29% 77.94% 90.81%

Sentinel 2A MSI 0.643 82.60% 83.96% 74.80% 81.73% 88.75%

Decision Tree
Landsat 8 OLI 0.519 76.82% 79.89% 63.09% 75.20% 87.57%

Sentinel 2A MSI 0.533 77.32% 81.67% 63.94% 74.95% 88.26%

Considering the accuracy index of PA, it measures the probability that the reference
data for each corresponding reclamation category are correctly classified from the image.
Evidently, four classifiers used in this study successfully distinguished the three types of
reclamation use from each other, which shows some differences in different regions. For
instance, in the application of all four classifiers to detecting the aquaculture ponds, the
PA ranges from 84.14% to 93.75%, from 87.05% to 91.86%, and from 74.95% to 89.67% in
west Guangdong, the Pearl River Delta, and east Guangdong, respectively. In comparison,
DT shows the highest value of 93.75%, and SVM shows the lowest value of 84.14% in west
Guangdong. The object-oriented method is the best, with the highest value of 91.86%, and
DT performs the poorest, with the lowest value of 87.05% in the Pearl River Delta. If the
four algorithms were applied in the extraction of salt pans, then PA ranges between the
values of 76.95% and 91.07%, and 83.36% and 90.94%, in west Guangdong and the Pearl
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River Delta, respectively. Generally speaking, the object-oriented method can obtain the
most accurate results, while SVM shows the lowest accuracy in these two regions. As for
the type of ports, the DT algorithm shows inefficiency when it was applied in both west
Guangdong and east Guangdong, with values of 68.55% and 77.32%, respectively. The
four algorithms show very little difference in the PA values when they were applied in
the Pearl River Delta. Additionally, the values of PA for the port classification are always
lower than those for the other two types. In particular, the PA values of aquaculture ponds
and salt pans are more stable than ports when applying an object-oriented classifier in the
three regions.

Furthermore, from the perspective of the accuracy index UA, which is used to detect
the proportion of pixels classified accurately, this presents the greatest difference among
the four algorithms for classifying the three types of reclamation in different regions. In
west Guangdong, RF and DT achieved a higher accuracy than SVM and the object-oriented
method with values of 91.20% and 90.43%, respectively, for the classification of ports.
SVM and the object-oriented method were better than RF and DT in the classification of
aquaculture ponds, with values of 93.76% and 87.01%, respectively. Obviously, SVM was
inefficient in extracting salt pans, with the lowest value of only 70.00%. In the Pearl River
Delta, it was found that SVM reached the highest value of 95.53% when it was used for
the extraction of ports, while it was the poorest in the extraction of aquaculture ponds.
All four algorithms showed efficiency in classifying all types, with the values ranging
between 80.48% and 95.53%. In east Guangdong, all four algorithms, particularly SVM and
DT, showed lower inefficiency in the classification of ports, and these methods had great
consistency in the extraction of aquaculture ponds, and the UA values were, overall, higher
than 85%.

4.1.2. Application to Landsat 8 OLI Data

Regarding the reclamation classification from Landsat 8 OLI images, in west Guang-
dong, the object-oriented approach yielded the highest OA value of 86.39% and Kappa
coefficient of 0.783, followed by RF with an OA value of 84.50% and Kappa coefficient
of 0.749, and then followed by DT with an OA value of 82.62% and Kappa coefficient of
0.737; the poorest was SVM, with the lowest OA value of 81.36% and Kappa coefficient of
0.72. In the Pearl River Delta, the object-oriented approach yielded the highest OA value
of 85.47% and Kappa coefficient of 0.782, followed by SVM with an OA value of 84.05%
and Kappa coefficient of 0.758, and then followed by RF with an OA value of 83.76% and
Kappa coefficient of 0.754, so the poorest classifier was DT, with an OA value of 81.36% and
Kappa coefficient of 0.72. Applying those classifiers in east Guangdong, the object-oriented
approach yielded the highest OA value of 83.13% and Kappa coefficient of 0.653, followed
by RF with an OA value of 79.48% and Kappa coefficient of 0.562, and then followed by
the SVM with an OA value of 83.76% and Kappa coefficient of 0.754; the DT performed
poorest, with an OA value of 81.36% and Kappa coefficient of 0.72.

Compared with the accuracy indices of the PA and UA, the results indicate that
there is great variation in the results from different methods in different regions. In
west Guangdong, RF showed the lowest PA and UA values when it was applied to the
classification of aquaculture ponds, yet it obtained the highest UA value of ports. In the
Pearl River Delta, SVM showed the most efficiency in the classification of ports yet the most
inefficiency in classifying aquaculture ponds when only considering the accuracy index
of UA. The object-oriented method performed best when classifying aquaculture ponds
compared with the accuracy index of PA. In east Guangdong, SVM was unable to obtain a
desirable classification of ports whether considering the accuracy index of PA or UA, and
all four algorithms showed inefficiency in classifying ports, with UA values less than 75%.
They can all be efficient in classifying aquaculture ponds in terms of UA index.

According to the comparison presented above, both the OA and PA of aquaculture
ponds and salt pans derived from Sentinel 2A MSI data (resolution 10 m) are generally
higher than those derived from Landsat 8 OLI data (resolution 30 m). However, on the
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contrary, the PA of ports classified by the object-oriented method from Sentinel 2A MSI
data was always lower than that obtained from Landsat 8 OLI. We also made a comparison
of reclamation classification results among the three regions and found that there were
some differences in the statistical measures. Almost all of the algorithms generally achieved
lower accuracies of reclamation classification in east Guangdong. Additionally, it was
found that the accuracy of ports was abnormally high in the Pearl River Delta, especially
when we applied SVM to perform the classification.

Furthermore, based on Equation (3), McNemar’s test with p < 0.05 was performed;
the values of Z also confirmed that the object-oriented method could achieve significantly
better classification results from Sentinel 2 MSI data than those from Landsat 8 OLI data.
The values of McNemar’s test presented some differences among the three regions as
follows: Z = 9.35, p < 0.05 for west Guangdong, Z = 5.01, p < 0.05 for the Pearl River Delta,
and Z = 9.8, p < 0.05 for east Guangdong.

4.2. Detailed Comparison of the Classification Pattern

Figures 4–6 show classification results from different algorithms with Landsat 8 OLI
and Sentinel 2A MSI data. Based on visual inspection, the pixel-based algorithms mistakenly
classified mixed pixels around the edges of coastal reclamation, resulting in the increase
in reclamation areas. As shown in Figure 4, the water body enclosed for use is easy to be
identified as aquaculture, while ports are difficult to be distinguished from urban lands in
west Guangdong. It can be found that relatively complete port patches can be derived from
Landsat 8 OLI data, whereas those derived from the object-oriented method using Sentinel
2A MSI data are most fragmented in the Pearl River Delta (Figure 5). These differences may
be caused during image segmentation because ports in the higher-resolution image present
complicated characteristics. There is no obvious difference between reclamation classifications
from Landsat 8 OLI and Sentinel 2A MSI data using the three pixel-based classifiers over east
Guangdong. As shown in Figure 6, there is no apparent discrepancy between reclamation
classifications from Landsat 8 OLI and Sentinel 2A MSI with the object-oriented and DT
classifiers. In addition, SVM and RF classifiers can obtain similar results whether from
Landsat 8 OLI or from Sentinel-2A MSI. Observed port patches from Sentinel-2A MSI data
are more fragmented than those from Landsat 8 OLI data.
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5. Discussion
5.1. Spatial Pattern of Reclamation over Coastal Guangdong

The shape and optical characteristics of aquaculture ponds and salt pans are relatively
simple, and the object-oriented classifier is, overall, accurate in extracting the reclamations
of aquaculture ponds and salt pans considering the values of OA, UA, PA, and Kappa
coefficient, as stated above. Additionally, the values of these accuracy indices for Sentinel
2A MSI data are generally higher than those for Landsat 8 OLI images. The pattern of
those two types from Sentinel 2A MSI data is clearer, and the location of those two types
is more precise than Landsat 8 OLI. Therefore, the object-oriented classifier was used in
the Sentinel 2A MSI data to map the coastal reclamation use of aquaculture ponds and salt
pans in Guangdong Province with uniform classification rules, and there were dissimilar
characteristics of shapes and spectral reflectance in some ports in different regions, and
ports derived from Landsat 8 images were more accurate overall than Sentinel 2A MSI data.
We adopted different classification rules for east Guangdong, the Pearl River Delta, and
west Guangdong to extract ports from Landsat 8 OLI data. All the retrieved classifications
were finally merged and used as the final classification result of reclamation uses. A total
area of the different reclamation uses in each coastal city was calculated and is shown in
Table 10, and the distribution pattern of the derived reclamation use overlaid with the
remote sensing image is shown in Figure 7.

Table 10. Three types of reclamation in Guangdong Province (Unit: ha).

Coastal City Aquaculture Ponds Ports Salt Pans

Zhanjiang 18,650 879 359
Maoming 4228 337 22
Yangjiang 6830 516 137
Jiangmen 11,592 72 869
Zhuhai 4445 1618 1565

Zhongshan 1786 291 425
Guangzhou 1031 1222 0
Shenzhen 709 1523 1
Dongguan 124 261 0
Huizhou 616 336 144
Shanwei 5027 54 150
Jieyang 3051 104 1
Shantou 9519 696 399

Chaozhou 10,355 237 0
Total 77,963 8146 4072

Since there is a great difference in the development strategy and locational conditions
among the Pearl River Delta, eastern Guangdong, and western Guangdong—for example,
the Pearl River Delta has been developed rapidly, while eastern Guangdong and western
Guangdong are mainly oriented to maintain the development of agriculture and fisheries—
the spatial distribution of the reclamation use reflects this actual situation and is consistent
with previous studies [3,23]. This indicates that aquaculture ponds are almost all along
coastal Guangdong and account for the largest proportion. As shown, aquaculture ponds
are concentrated in the eastern and the western region of Guangdong. They are widely
distributed in Zhanjiang, Jiangmen, and Shantou, with areas of 18,650 ha, 11,592 ha, and
9519 ha, respectively. The reclamation area used as ports is concentrated in the urban
agglomeration of the Pearl River Delta, ranking first in terms of the total area, and 66%
of the total reclamation ports are distributed in Guangzhou, Shenzhen, Dongguan, and
Zhuhai City. This distribution pattern indicates that the dominant type of reclamation is
highly correlated with the level of economic development and transportation demand.
Most of the ports are concentrated in economically developed areas, such as the Pearl River
Delta region, while aquaculture ponds and salt pans are mainly concentrated in rural areas
within eastern and western Guangdong. Combining the status of economic development
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and the distribution pattern of the dominant reclamation type in a region, suggestions for
urban growth and territorial development in the coastal zone of Guangdong Province can
be further proposed.
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5.2. Limitations of Reclamation Classification

As described before, the object-oriented classifier first divides the image pixels into
the homogeneous objects and then classifies these objects into corresponding types based
on the spectral, spatial, textural, relational, and contextual information. SVM, RF, and DT,
which are pixel-based classifiers, cannot integrate multiple features (such as the Digital
Elevation Model (DEM), spectral information, the result of Iterative Self-organizing Data
Analysis Technique (ISODATA), the result of Minimum Noise Fraction (MNF), abundance,
and so on) into the training dataset. Object-oriented methods have been proved to have
higher overall accuracy (OA) than pixel-based classification algorithms, especially for
high-resolution data [44]. However, we found that the object-oriented algorithm showed
less efficiency than other algorithms in classifying ports. The main reason for this is that the
features of ports vary greatly; though most ports’ shapes are of a regular rectangle, parts of
ports for special purposes have a unique spectral characteristic and different sizes. This
situation makes it necessary to separately set up specific classification rules for different
ports. For example, a port located in East Guangdong, which is used to transport coal,
cannot be identified under the uniform rules set in the object-oriented classifier; meanwhile,
the features of aquaculture ponds and salt pans are relatively simple—with little change in
different regions, it is easier to obtain specific classification rules.

Analyzing the features of image-interpretation keys and the traits of the object-oriented
method, we can find that lots of shades formed by the containers in the ports exhibit dissim-
ilar colors, and tall buildings in the port present shadows in the high-resolution image; this
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greatly influences the results of homogeneous object segmentation and correspondingly
lowers the accuracy of classification results. For example, sometimes, the shape of ports
in the classification results from Sentinel 2A MSI data wasn’t derived entirely, and the
pattern of those ports was broken. Therefore, it can be concluded that the high-resolution
Sentinel 2A MSI data were not always superior to lower-resolution Landsat 8 OLI data in
the classification of reclamation use.

Considering that typical reclamation uses can be selected in the training samples and
the impact of land covers distributed inland can be rescued, we selected a smaller example
area in east Guangdong than the other two regions. This led to fewer training samples and
may have caused lower accuracy in applying classification algorithms in east Guangdong.
Furthermore, we found that the ports are dominant objects with remarkable distinguishing
features in the Pearl River Delta, which resulted in higher accuracies in the classification of
ports in this area. Overall, considering the actual condition that aquaculture is dominant
while ports and salt pans are in the minority in Guangdong Province, it is the best choice to
apply the object-oriented method in Sentinel 2A MSI data when mapping reclamation use,
and this was also validated with the result of McNemar’s test. There is speculation that this
methodology framework can also be applied to other coastal zones where reclamation is
mainly aquaculture ponds, ports, and salt pans. However, limited by the short time series
of Sentinel 2A MSI data, it cannot achieve the long temporal change of reclamation uses at
a large scale; improving the performance of classification algorithms applied in Landsat
8 OLI data is expected to offer the dynamics and show the environmental influence of
reclamation uses with long time series.

6. Conclusions

Accurately identifying and mapping reclamation uses at a large scale is meaningful to
regulating the use of sea resources. In this study, remote sensing was induced to retrieve
reclamation information; four typical classifiers were used in Landsat 8 OLI and Sentinel
2A MSI data to derive the reclamation use, and a series of accuracy indices, namely,
overall accuracy, producer accuracy, user accuracy, Kappa coefficient, and McNemar’s
test, were calculated to provide a reference for choosing suitable methods and data. The
results validated that the object-oriented classifier, overall, performs the best in reclamation
classification, with relatively high-resolution Sentinel 2A MSI images. McNemar’s test
confirmed that the differences in classification performances among the sub-regions were
statistically significant for the Sentinel 2A MSI and Landsat 8 OLI data using object-oriented
algorithms. It can also be concluded that high-resolution data were not always superior
to low-resolution data in identifying the reclamation uses when the reclamation objects
presented complicated and varying attributes.

The object-oriented classifier was used to derive the reclamation area and to identify
the types from Sentinel 2A MSI images in coastal Guangdong. The result shows that the
spatial distribution of reclamation use presents geographical characteristics; aquaculture
ponds, with a total area of 77,963 ha, are dominant in the three types of reclamation use.
They are mainly distributed in both the western and eastern parts of Guangdong. Ports,
with a total area of 8146 ha, are mainly distributed in the Pearl River Delta. Salt pans, with
a total area of 4072 ha, are mainly distributed in Jiangmen, Zhuhai, and Zhongshan. The
classification pattern of reclamation use is highly consistent with the actual situation of
coastal Guangdong.

However, considering the extensive ongoing coastal reclamation in China, monitoring the
dynamics of coastal reclamation at local, regional, and national scales is of great importance for
sustainable management. As is noted in ‘Outline Development Plan for the Guangdong–Hong
Kong–Macao Greater Bay Area’, which was promulgated by the CPC Central Committee and
the State Council in 2019 February, ‘green development and ecological protection’ is one of
the basic principles for promoting the sustainable development of the Greater Bay Area; it
is significant to choose suitable data and a classifier to detect the spatiotemporal change of
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the main reclamation uses in Guangdong. This study will provide a good reference and basic
data for the strategy of the Outline Development Plan.
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