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Abstract
Sanduao is an important sea-breeding bay in Fujian, South China and holds a high economic
status in aquaculture. Quickly and accurately obtaining information including the distribution area, quantity,
and aquaculture area is important for breeding area planning, production value estimation, ecological survey,
and storm surge prevention. However, as the aquaculture area expands, the seawater background becomes
increasingly complex and spectral characteristics diﬀer dramatically, making it diﬃcult to determine the
aquaculture area. In this study, we used a high-resolution remote-sensing satellite GF-2 image to introduce
a deep-learning Richer Convolutional Features (RCF) network model to extract the aquaculture area. Then
we used the density of aquaculture as an assessment index to assess the vulnerability of aquaculture areas
in Sanduao. The results demonstrate that this method does not require land and water separation of the
area in advance, and good extraction can be achieved in the areas with more sediment and waves, with
an extraction accuracy >93%, which is suitable for large-scale aquaculture area extraction. Vulnerability
assessment results indicate that the density of aquaculture in the eastern part of Sanduao is considerably
high, reaching a higher vulnerability level than other parts.
Keyword: aquaculture area; vulnerability assessment; Richer Convolutional Features (RCF) network
model; deep learning; high-resolution remote sensing

1 INTRODUCTION
China’s sea area is very large, with a coastline of
18 400 km, including tropical and subtropical waters
(Guan and Wang, 2005). About 8 346.3 thousand
hectares of aquaculture waters exist within this
coastline and provide huge economic beneﬁts for
China. Basic information, such as spatial distribution
and area of the aquaculture area, can be used to
estimate the aquaculture production value in a given
year, which informs governmental planning and
adjustment of the aquaculture industry. These basic

data also provide background information for future
investigations and may help management cope more
eﬀectively with sudden water quality and storm surge
disasters. For aquaculture areas, the most threatening
natural disasters are storm surges. The storms and
huge waves caused by storm surges may cause
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devastating blows to aquaculture areas, seriously
threatening the lives and economic assets of coastal
residents. Accurately grasping the distribution and
quantity of the aquaculture area can classify the
vulnerability of the aquaculture area, and focus on the
protection of the highly vulnerable areas, which can
eﬀectively reduce the damage caused by the storm
surge disaster to the marine aquaculture area. The
distribution of aquaculture areas is generally
extensive, and it is diﬃcult to obtain complete and
accurate information by using conventional manual
survey methods. High-scoring remote-sensing
technology is capable of covering a wide observation
area with high imaging precision and thus is suitable
for extraction of aquaculture areas.
At present, research regarding the recognition and
extraction of aquaculture areas based on highresolution remote-sensing images can be divided into
several categories (Cheng et al., 2012): visual
interpretation based on expert experience (Li et al.,
2006; Fan et al., 2005), extraction based on texture
information (Zhu et al., 2011; Liu and Du, 2012),
extraction based on ratio index analysis (Lu et al.,
2015; Wang et al., 2018), extraction based on
correspondence analysis (Wang and Gao, 2008),
extraction based on spatial structure and shape
analysis (Zhou et al., 2006; Wang et al., 2017), objectoriented extraction (Xie et al., 2009), and data mining
and artiﬁcial intelligence methods (Chu et al., 2012),
among others.
The above methods have high extraction precision
for a certain range of aquaculture areas. It performs
well when applied to small-scale identiﬁcation of
types of aquaculture areas and their distribution and
area. In practical application, however, it is often
necessary to investigate and analyze all aquaculture
areas throughout the region. As the application area
expands, complications arise. In general, three
complications arise with large-scale extraction of
aquaculture areas. (1) The type of aquaculture is not
singular, and more than one type of aquaculture exists
in a large range of cultured sea areas. This can arise,
for example, if one part of the aquaculture area is
characterized by the presence of rafts, whereas
another part is characterized by cages. The farming
principles and construction materials of the two
aquaculture areas are diﬀerent, resulting in large
diﬀerences in remote-sensing images, and extracting
these two diﬀerent aquaculture types by a single highprecision method is diﬃcult. (2) The seawater
background becomes more complex. Aquaculture

Vol. 37

areas are mostly distributed in the coastal areas, such
as the bay and the estuary. Although this proximity to
land makes it is easy to manage, coastal conditions
are naturally more complex, particularly when natural
terrain is used as a barrier to resist wind and waves. In
windy and wavy conditions, sediment and chlorophyll
content around the aquaculture area are high and
aﬀect the spectrum of seawater. This is then reﬂected
in the remote-sensing image as a color tone change of
the seawater background. Additionally, very windy
conditions cause swells in the seawater, and these
waves cause local specular reﬂection, resulting in
small dense and dark stripes on the remote-sensing
image. Because of the wide distribution area, these
image distortions tend to occur locally. If threshold
segmentation is used to extract the aquaculture area,
these distortions can make it more diﬃcult to
determine an appropriate threshold and can aﬀect the
extraction accuracy. (3) The spectrum of the crops in
the aquaculture area is temporally variable. Although
it is easy to distinguish the diﬀerence between the
background and agriculture area at diﬀerent growth
stages for farmland crops, raft aquaculture areas are
located below the water surface. When these crops are
immature, the diﬀerence between the raft aquaculture
area and the background seawater is small and hard to
discern. As the crop matures, the diﬀerence between
its spectral characteristics and seawater gradually
increases, reaching a maximum at harvest. The
general approach is to use the remote-sensing image
at harvest to identify and extract the aquaculture area.
However, this necessity imposes higher requirements
on the phase of remote-sensing images. When the
remote-sensing images are acquired too far ahead of
harvest time when the crops are not mature, the
extraction accuracy will be reduced signiﬁcantly.
Moreover, because of large-scale breeding, raft
aquaculture areas are often at diﬀerent growth stages
within a single aquaculture area, which can cause the
same objects (i.e., raft aquaculture areas) to exhibit
diﬀerent spectra because of their diﬀerent growth
stages, thus making it diﬃcult to identify and extract
the true aquaculture area.
Because of these problems, most of the methods
mentioned earlier cannot achieve suﬃcient extraction
results. Among the available methods, there is only
one object-oriented method. Separating the target
object by applying select conditions in advance can
overcome the noted complications to a certain extent,
but the scale and parameters of the segmentation
remain diﬃcult to determine (Wang et al., 2016;
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Zhang et al., 2016). In the extraction stage after
segmentation, it is also necessary to deﬁne the
extracted features. To achieve good results, it is often
necessary to make several adjustments, which can
make the process cumbersome (Blaschke et al., 2014;
Chen et al., 2018).
In recent years, with advancements in big data and
the development of high-performance computing,
deep-learning has gradually become more visible,
achieving high-level results in the ﬁelds of computer
vision, speech recognition, and natural language
processing. The accuracy of deep learning in image
recognition has surpassed that of humans (He et al.,
2015)
and
high-performance
deep-learning
applications to image recognition provide new
opportunities to improve remote-sensing image
extraction of aquaculture areas. Deep-learning models
simulate the process of the human brain to identify
objects without the need to deﬁne features in advance.
Through samples iterations that train the model
parameters, the computer automatically learns the
characteristics of a given object and thus can learn to
identify the target object. Therefore, it is not necessary
to divide the aquaculture areas according to sea state
and growth phase, but rather, as long as samples of
each aquaculture area are correctly labeled, the
automatic extraction of the aquaculture area can be
realized by computer iterative training. The spectral
characteristics of the aquaculture area vary with the
growth state, but the edge characteristics are obvious
in diﬀerent seawater backgrounds and during diﬀerent
growth phases. Cage aquaculture areas are above the
water surface and the boundaries are more obvious.
This study ﬁrst extracted the edge of the aquaculture
area and then acquired the target of the aquaculture
area. Among deep-learning models, the Richer
Convolutional Features (RCF) network model
performs excellently in image edge detection in both
speed and accuracy (Liu et al., 2017). Therefore, in
this study, we used the RCF model to extract the
aquaculture area in the entire sea area of Sanduao,
Ningde City, Fujian Province, China and conducted
vulnerability analysis to obtain a vulnerability
distribution map. The speciﬁc operation process and
ﬁnal extraction results and precision are explained in
detail in the following section.
The objectives of this study mainly include the
following two points: (1) using RCF to achieve largescale high-precision automatic extraction of
aquaculture areas, and (2) conduct aquaculture area
vulnerability assessment in Sanduao.
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Table 1 GF-2 Satellite parameter list
Parameter

1 m resolution panchromatic / 4 m
resolution multispectral camera
Pan

0.45–0.90 μm
0.45–0.52 μm

Spectral range

Multispectral

0.52–0.59 μm
0.63–0.69 μm
0.77–0.89 μm

Resolution
Gray level

Pan

1m

Multispectral

4m

16 bit

Width

45 km

Revisiting period (with side swing)

5 days

Coverage repetitive period

69 days

2 DATA
2.1 Study area
Sanduao is located in the southeastern part of Ningde
City, Fujian Province, in southern China at 26°30′–
26°58′N and 119°26′–120°10′E. It is a semi-closed
harbor with a sea area of 714 km2 (Huang et al., 2002).
Sanduao is China’s largest cage aquaculture base for
Pseudosciaena crocea. It also houses the large-scale
breeding of kelp, abalone, and is an important
aquaculture area in China (Ji and Zhou, 2012).
There are two types of aquaculture areas in the
experimental area: cage and raft. Cage aquaculture
areas are characterized by cages ﬂoating above the
water surface in Fig.1; they are a grayish-white color
and mainly are used for ﬁsh and shrimp. Raft
aquaculture areas mainly culture kelp, seaweed, and
mussels, and they are composed of two parts: ﬂoating
rafts and underwater cables. The ﬂoats on the water
surface are connected by ropes to form a ﬂoating raft.
One end of the underwater cable is connected to the
ﬂoating raft, and the other end is connected to a sinker
to keep suﬃcient distance between the cables to
prevent entanglement and knotting. The crops in the
raft culture areas are attached to the underwater cable,
the reﬂectivity is lower than that of the seawater
background, and the rafts often are arranged together.
The raft aquaculture area has a dark rectangular strip
on the image as a whole, and the color tone is uniform.
2.2 Data
The data used in this paper are image data captured
by China’s high-resolution satellite, GF-2, and
satellite parameters are shown in Table 1. The full
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Fig.1 Sanduao aquaculture area, Ningde City, Fujian Province, China

coverage of Sanduao waters requires nine scenes of
GF-2 images. The acquisition time of the images is
six scenes on April 14, 2017, and three scenes on May
28, 2017. After fusion processing, the resolution is
1 m, which clearly identiﬁed the target of the
aquaculture area in the image.

3 METHOD

GF-2

Data preprocessing

Sample selection
Sample making

Sample augmentation

3.1 Operation process
The overall operation process is shown in Fig.2. It
can be summarized in three stages: sample making,
model training, and post-processing. After data preprocessing, the ﬁrst stage of sample making consisted
of sample selection, truth production creation, sample
augmentation, and matching of samples to true values.
During the model stage, after the parameters were set,
the model was trained and then applied to the remotesensing image to obtain a boundary probability map
of the aquaculture area. During the post-processing
stage, the boundary probability map was transformed
into the boundary of the vector aquaculture area in
ArcGIS, and then the boundary of the aquaculture
area was transformed into the area object to obtain the
ﬁnal seawater aquaculture area extraction result. After
post-processing, the accuracy of the extraction results
was veriﬁed.
The reason for extracting the boundaries of the
aquaculture area at the beginning without extracting
the polygons is that the background of the aquaculture

Truth production

Sample-truth match

Parameter settings
RCF model
Model training
Model testing

Boundary probability map
Postprocessing
Boundary vectorization
Boundary-area conversion

Mariculture area
Accuracy evaluation

Fig.2 Flow chart of aquaculture area extraction using RCF
model
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areas is seawater, and the spectrum of seawater is
relatively uniform. The spectral information changes
greatly at the boundary of the aquaculture areas, and
the gradient changes obviously. Therefore, this study
mainly uses the edge features of the aquaculture areas
to extract it.
3.2 Data pre-processing
To apply satellite data to the model, the data need
to be pre-processed, including image correction,
image fusion, image cropping, and image
normalization and band selection. First, we used the
Rational Polynomial Coeﬃcient model to spatially
correct the image. Second, we used the Pansharp
model to fuse the pan and multispectral data of GF-2
and to adjust the spatial resolution of the image after
fusion reached 1 m, which was inclusive of blue,
green, red, and near-infrared bands. The deep-learning
model originally had been used to process computer
images, so we converted the satellite image to 8-bit
format, and the image of the input model contained
only three RGB channels. Therefore, we had to screen
the four bands of the original image and select the
three bands with the largest amount of information on
the aquaculture area. Through the band analysis, this
study selected the green band, red band, and a nearinfrared band of GF-2 satellite data as the input bands
of the deep-learning model.
3.3 Deep learning
Deep learning is a deep structured neural network
that can extract image features better than shallow
neural structures, such as artiﬁcial neural networks
and support vector machines (SVMs). In remotesensing image interpretation and classiﬁcation, the
quality of features often determines the quality of
classiﬁcation results, and the high-quality features
obtained by deep learning are the key to achieving
high-precision classiﬁcation results.
3.4 The RCF model
RCF model is a deep-learning network model for
identifying edges. Its prototype is the classical
convolutional neural network model VGG16
(Simonyan and Zisserman, 2014). The RCF consists
of ﬁve stages, each of which contains multiple
convolutional layers for extracting features, and each
stratum is connected by a pooling layer (Fig.3). By
using the convolutional layer and the pooling layer,
parameters and calculations can be reduced while
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retaining the main features of the original data, thus
preventing
overﬁtting
and
improving
the
generalization ability of the model. More important, it
guarantees the invariance of features in translation,
rotation, and scale. After the sample is input into the
model, it is transmitted from the ﬁrst stage through
the ﬁfth stage. After each stage, one edge feature map
with the same size as the input image is obtained, and
the loss function of the edge map and the true value is
calculated. Finally, the model fuses the edge features
of the ﬁve stages to obtain a comprehensive edge
feature map and calculates the total loss function.
Through repeated parameter iteration (training), the
value of the loss function (i.e., the diﬀerence between
the extracted edge feature and the sample’s true value)
is reduced to its smallest possible value to determine
the model parameters, and the model then is used to
extract the edge of the aquaculture area.
3.5 Sample making
We took a sample at a size of 1 000×1 000 pixels,
performed a human visual interpretation, and used the
boundary of the hand-painted aquaculture area in
ArcGIS as the true value. In this study, the edge of the
aquaculture area was selected as the extraction object.
Compared with the sample data of the polygons
object, the sample size for the edge was smaller, so
the relatively larger sample size could be selected to
ensure the integrity of the edge and the diversity of
the sea background. Ensuring that the extraction
results are more reliable and more accurate, so the
size of 1 000×1 000 was chosen, and excellent results
were obtained in this study. When making samples, it
is also because the idea of this study is to extract the
edges of the aquaculture area, and RCF is a model of
edge detection, so the sample is the edges of the
aquaculture area instead of the polygons.
The quality of the deep-learning model training
was closely related to the quality of the sample. The
higher the sample quality, the sooner, and more easily
the model converged, thus reducing training time.
Conversely, when the sample quality was poor, the
training time increased and high-precision extraction
results may not be obtained. Therefore, the selection
of high-quality samples was important. We divided
the samples into positive samples and negative
samples. A positive sample contained the extraction
target (i.e., the target of the aquaculture area included
in this study). Positive samples should include as
many diﬀerent seawater background features found in
the study area as possible, including possible areas of
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Sample
Stage 1
3×3–64 conv

1×1–21 conv

∑
1×1–1 conv

3×3–64 conv

Loss/sigmoid

1×1–21 conv

2×2 pool

...
Stage 5
3×3–512 conv

1×1–21 conv

3×3–512 conv

1×1–21 conv

3×3–512 conv

1×1–21 conv

∑
1×1–1 conv

Deconv

Loss/sigmoid

Fusion
Concat

1×1–1 conv

Loss/sigmoid

Fig.3 RCF model structure diagram

sediment, chlorophyll, waves, and other factors. If the
boundary of an aquaculture area is hand-painted, the
remote-sensing image should be zoomed, and the
sample should be constructed with an error not
exceeding 3–5 pixels. A negative sample should not
contain an aquaculture area. The main function of the
negative sample was to distinguish nonculture area
targets from the culture area and to prevent the trained
model from misidentifying the nonculture areas as
targets because of similar spectral characteristics.
With the negative sample, the water and land
separation operations required in the general method
of extracting marine aquaculture areas could be
omitted. It not only eliminated the need for water-land
boundary data but also avoided the misidentiﬁcation
of aquaculture areas that are easily caused when water
and land separation is incomplete. In this experiment,
we took samples of the aquaculture area with two
scenes in the nine-scene high-resolution remotesensing image and used the remaining images for the
recognition and extraction of the aquaculture area
using the trained deep-learning model. We took 41
positive samples from the raft aquaculture areas (red
boxes in Fig.4) and 15 positive samples from the cage
aquaculture areas (yellow box in Fig.4), and we took

29 negative samples (green box in Fig.4). The sample
distribution is shown in Fig.4.
For the deep-learning model, the actual number of
samples taken is much smaller than the number of
samples required for model training. To prevent
overﬁtting of the model, we augmented the samples.
The augmentation method was as follows: all samples
and their corresponding true values are scaled
(magniﬁed to 1.5 times the original size and reduced
to 0.5 times the original size), horizontally ﬂipped,
and rotated (0°, 90°, 180°, 270°). After augmentation,
the ﬁnal number of samples in this study totaled 2 040
(85 original samples × 3 scaling factor × 2 ﬂipping
factor × 4 rotational factor, Fig.5).
3.6 Parameters setting
Before we input the image into the model, we
calculated the mean of all the pixels for each of the
three channels and subtracted the mean of the pixels
of the respective band need to be subtracted. We
implemented the model using the deep-learning
platform, Caﬀe. We set several key initial parameters,
as follows: the initial learning rate was set to 1e-6,
with a learning rate adjustment strategy of “step”, a
learning rate decay rate gamma of 0.1, a step size of
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N
26°50′

b. Raft aquaculture image

c. Raft aquaculture
ground truth

d. Cage aquaculture image

e. Cage aquaculture
ground truth

26°40′

0
119°40′

3.25 6.5

119°50′

Raft aquaculture area

13 km

120°00′ E

Cage aquaculture area

Non aquaculture area
a. Sample distribution

Fig.4 Aquaculture area samples distribution map

p
Fli

Horizontal flip

Original

Scale

50%
Samples
(Consists of images and
ground truth data)

100%

Ro
tate

150%

Aquaculture area image
Ground truth data

0%

90%

180%

270%

Fig.5 Aquaculture samples augmentation map

10 000, and a gradient update weight momentum of
0.9. To prevent overﬁtting, the weight attenuation
(“weight_decay”) was set to 0.000 2. The number of
iterations was 20 000 times after the loss was observed
and the training time was about 36 h. The hardware
conﬁguration was a single graphics card, with a type
of GTX1070 GPU.

3.7 Vulnerability classiﬁcation method
The term vulnerability was ﬁrst applied in the ﬁeld
of geosciences and natural disaster research and was
interpreted as the extent to which a system suﬀered
from catastrophic events (Lahsen et al., 2010; Romieu
et al., 2010). In this paper, based on the density, the
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26°50′
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6.5 13 km

0
119°40′

119°50′

120°00′ E

d

e

f

Vector boundry

Probability boundry

Raft aquaculture extraction result

Fig.6 The process map of raft aquaculture area extraction
a. Sanduao aquaculture area, Ningde City, Fujian Province, China; b. Green rectangular box area in (a); c. boundary probability map of raft aquaculture area
in (b); d. boundary vectorization; e. raft aquaculture boundary; f. raft aquaculture area extraction result.

Table 2 Aquaculture area vulnerability scale
N
Proportion of 100 m
grid culture area

Vulnerability
level

Vulnerability
interpretation

0

5

Very low

(0–0.25)

4

Low

(0.25–0.5)

3

Medium

(0.5–0.75)

2

High

(0.75–1)

1

Very high

26°50′

F

A
D

B

H

26°40′

C

G

E

vulnerability of aquaculture areas is divided. The
classiﬁcation principle is as Table 2.

4 RESULT AND ANALYSIS
4.1 Extraction results
Taking the raft aquaculture area as an example, Fig.6
shows the results of various stages of marine
aquaculture area extraction using RCF. The boundary
of the aquaculture area extracted by the model is shown
in Fig.6c as a probability gray scale of the boundary of
the aquaculture area. The gray value range is 0–255.
The larger the gray value of the pixel, the more likely
the pixel is the boundary of the aquaculture area. The
gray-scale boundary was vectorized and superimposed
on the original data and the eﬀect is shown in Fig.6e.
To verify the accuracy of the extraction results, we
converted the vectorized linear aquaculture area
boundary to a planar aquaculture area object in ArcGIS,
and the surface aquaculture area object extraction result
is shown in Fig.6f.

0
119°40′

119°50′

6.5

13 km

120°00′ E

Fig.7 The extraction result of aquaculture areas in Sanduao

The results of the marine aquaculture area in the
entire bay of Sanduao are shown in Fig.7. Yellow
coloring denotes the raft aquaculture areas, and
purple coloring denotes the cage aquaculture areas.
It can be seen that the overall distribution of the
Sanduao marine aquaculture area was characterized
by more in the east, less in the west and intensive in
the east, sparse in the west. Raft aquaculture covered
a much larger area than cage aquaculture. The raft
aquaculture areas mostly were located in open water
surface, whereas the cage aquaculture areas tended
to be closer to land.
For accuracy veriﬁcation, we selected eight
rectangles of A–H, each of which was 3 000×3 000
pixels. To determine the true value of the sample, we
visually interpreted the objects in these rectangles.
The literature review did not ﬁnd the speciﬁc
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Table 3 Aquaculture area extraction accuracy table
Type

Raft

Cage

Region

Precision (%)

Recall (%)

F-measure (%)

A

97.633

93.023

95.272

B

95.541

93.485

94.502

C

96.398

97.213

96.803

D

96.648

91.406

93.954

E

94.929

91.812

93.344

F

97.156

90.929

93.939

G

97.121

95.208

96.155

H

97.953

96.410

97.175

aquaculture area information data in the experimental
area. Therefore, the veriﬁcation data in this paper is
based on ﬁeld research, combined with higherresolution Google satellite imagery, and obtained by
visual interpretation. Ensure the authenticity and
reliability of the veriﬁcation data through the above
methods. We tested the accuracy of the extraction
results using three commonly used precision
indicators, Precision, Recall, and F-measure, as
follows:
Precision = TP/(TP+FP),

(1)

Recall = TP/(TP+FN), and

(2)

F-measure = 2×Precision×Recall
(Precision+Recall),

(3)

where TP is the number of pixels in the aquaculture
area that were correctly extracted, FP is the number of
pixels in the aquaculture area that were not extracted,
and FN is the number of pixels in the aquaculture area
that was misidentiﬁed. In practice, the Precision and
the Recall will conﬂict with each other to some extent,
and so we introduced the F-measure. The F-measure
is a combination of the Precision and the Recall. It is
the harmonic average of the two evaluation methods
and can be used to comprehensively evaluate the
extraction results.
Table 3 shows the extraction accuracy of the two
marine aquaculture areas in eight regions. The
extraction Precision is >94%, the Recall is >90%, and
the Precision is generally slightly higher than that of
the Recall.
Figure 8 shows the extraction result and the
accuracy map of the raft aquaculture area of four
rectangular areas. The green part of the accuracy map
represents the correctly extracted raft aquaculture
areas, the red part represents the non-raft culture areas
extracted by mistake, and the blue part represents
aquaculture areas that were missed. It can be seen that

1949

among four areas, misidentiﬁcation was rare, and the
loss of precision was mainly caused by missed
detection. The rectangular areas of A, B, and C in
Fig.8 are located in the remote-sensing image with
the same scene as the sample collection, with higher
precision and fewer missed detections. The missed
detections mainly were caused by sediment
interference in the water, immature crops in the
aquaculture area, and weak spectral characteristics.
Rectangular area D is located in a diﬀerent remotesensing image than the sample collection area, and we
extracted the raft aquaculture area in that scene solely
by the trained RCF deep-learning model. Although
the crops in the culture area were relatively mature
and there was no sediment interference, it is evident
that there was still a large leakage phenomenon.
Figure 9 shows the extraction results and accuracy
of the cage aquaculture areas in E–H. The overall
extraction accuracy exceeded 93%. As with the raft
culture areas, error mostly was caused by missed
detections, and misidentiﬁcation was rare. The cage
aquaculture area in area E of Fig.9 was close to the
coast, and a small number of cages were connected to
the coast. For this cage target, the model failed to
extract the complete aquaculture area edge, and some
of the coastlines were misidentiﬁed as the boundary
of the cage aquaculture area.
Note that the quality of the boundary probability
image output by the RCF model was high for both
the raft aquaculture area and the cage aquaculture
area. Even in the missed-detection area of the ﬁnal
result, a clear boundary line could be seen on the
boundary probability map. The vector boundary
superimposed in the extraction result graph also
showed the boundary of the misidentiﬁed aquaculture
area, and the boundary was not lost in vectorization.
Further analysis found a small break in the
vectorization boundary of the aquaculture area of
the missing part. As a result, the closed boundary
was not formed on the boundary of the aquaculture
area, thus causing missed detections. The boundary
of the boundary probability map output may have
had a point with a small gray value, which caused a
boundary break in the vectorization process. If so,
when the vector boundary was transformed into a
planar culture area object, the culture area surrounded
by unclosed borderlines could be lost. To address
this problem, the extraction result and the boundary
vector could be superimposed or the topology
relationship could be veriﬁed in ArcGIS to monitor
and repair it.
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Fig.8 The accuracy map of the raft aquaculture area extraction
A–D is the corresponding area in Fig.7, mainly including the raft aquaculture area.

4.2 Vulnerability analysis
After the aquaculture area is extracted, a grid is
constructed based on the data of the aquaculture area,
and the basic grid size is 100 m×100 m. The proportion
of the area of aquaculture in each grid is calculated,
and the aquaculture area in Sanduao according to the
vulnerability level is classiﬁed as shown in Table 2.
The results are presented in Fig.10.
In Sanduao, the aquaculture area in the east has the

highest level of vulnerability, followed by the middle
part, and the western part has a lower density and a
lower level of vulnerability. Most of the fragile areas
in the raft aquaculture area are concentrated in open
areas, while the areas with high vulnerability in the
cage culture area are close to the land. The reason for
this diﬀerence is related to their respective farming
principles. In order to make the kelp and other crops
grow suﬃciently, raft aquaculture requires a certain
space and water depth. Space and water depth required
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Fig.9 The accuracy map of cage aquaculture area extraction
E–H is the corresponding area in Fig.7, mainly including the cage aquaculture area.

for the cage is diﬀerent from that of the raft aquaculture
area. For the convenience of management, it is
concentrated in the relatively nearshore area.
According to the diﬀerence in vulnerability
distribution, it is possible to take more targeted
measures against disasters such as storm surges and
reduce disaster losses.
4.3 Analysis and discussion
The use of the RCF deep-learning method to

extract the Sanduao marine aquaculture area oﬀered
several advantages. First, based on edge extraction,
we did not have to distinguish the type of aquaculture
area in advance of the model run. The target of the
RCF model detection was the boundary, so the
identiﬁcation process was the same for both of the
aquaculture area types (raft and cage) in this study
area. That is, the model was trained through the
boundary sample of the aquaculture area, and then the
trained model was used to identify the target of the
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Fig.10 Aquaculture areas vulnerability map
The scale of vulnerability: 5: very low; 4: low; 3: medium; 2: high; 1: very
high.

large-scale aquaculture area. This model was easier to
operate than object-oriented methods because it was
not necessary to set diﬀerent extraction features for
diﬀerent objects.
Second, the false alarm rate of the extraction result
was low. Among the eight regions, both Precision and
Recall were greater than 90%, with Precision greater
than 94%. This performance indicated a low false
alarm rate of the marine aquaculture area extracted by
deep learning (i.e., misidentiﬁcation was low). This is
a distinct advantage over conventional methods that
use threshold extraction because the interference of
sediment, chlorophyll, and other substances in the
background seawater make it diﬃcult to eﬀectively
distinguish aquaculture areas from the background
seawater and generally result in a high false alarm
rate, even if the aquaculture area is enhanced by the
ratio index.
Third, high-precision extraction of targets in a
wide range of aquaculture areas can be achieved. For
many conventional methods, the size of the target
area is proportional to the diﬃculty of the extraction.
The smaller the area, the more unique the type of
features in the area, and the spectral ﬂuctuations of
the same species type are smaller. As the area
increases, the types of features contained in the area
increase; diﬀerent objects with the same spectrum
and the same objects with diﬀerent spectra are more
likely to occur, making it diﬃcult to extract the target.
Many methods that perform well in a small area
experience a signiﬁcant decrease in accuracy as the
area increases. The area of Sanduao’s sea is 714 km2,
a relatively wide sea area. All areas covering this area
require nine GF-2 remote-sensing images. There are
many estuaries in the sea area, and the sediments near
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the coast and the estuary are relatively high. The sea
area bordering the outer sea is more likely to produce
large waves. For these reasons, the watercolor of the
entire Sanduao sea is variable. It is diﬃcult to use
conventional methods to obtain good extraction
results under this large area with an uneven background.
Using deep learning, we used sample learning to
overcome these problems. For the aquaculture area in
the sea area, we selected samples of the aquaculture
area under various conditions (e.g., sand or swell),
and because we obtained the true value of the sample
by manual visual interpretation, the same process can
be used for two diﬀerent samples, and no further
distinction is needed. For areas that were more likely
to be confused with the aquaculture area because of
diﬀerent objects with similar spectra, we suppressed
negative identiﬁcation by adding negative samples.
Therefore, as long as the sample selection is
reasonable, through the training of the model, highprecision extraction of the breeding area target under
complex background conditions can be realized
without a manual setting.
Finally, the separation of water and land was not
required, and external data were not required. Based
on deep learning, we extracted marine aquaculture
areas by collecting training samples and iterative
model training. Compared with the method of
threshold segmentation or SVM classiﬁcation, our
method eliminates the pre-processing steps of waterland separation of data in advance, no additional sealand boundary vector data are needed, and there is no
need to use a water body ratio index to separate water
and land. Instead, selecting a negative sample
automatically removes the inﬂuence of the land area,
simpliﬁes the operation steps, and avoids the
possibility of interference in the extraction of the
target area as a result of incomplete separation of the
water and land boundaries.
The methods in this study, however, do have some
shortcomings. First, the boundary of the aquaculture
area is not closed. Because the RCF generates a
probability map of the boundaries of the aquaculture
area rather than a continuous aquaculture area
boundary, the boundary of the aquaculture area can be
broken during vectorization at points at which the
probability is low and the gray value is small. The
state of discontinuity failed to form a closed
aquaculture area boundary. The boundary of this
fracture could not be successfully converted into a
planar aquaculture area object, and results were
missed in that location. As shown in region D in Fig.8,
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the target of the aquaculture area was obvious in one
case, and the boundary was successfully extracted,
but the object of the aquaculture area could not be
extracted because that boundary was not closed. In
practical application, it would be necessary to perform
a topology check on the extracted vector boundaries,
detect breakpoints, and perform repair processing.
Since we extracted the culture area based on the edge
features in this paper, some problems arise in the
boundary closure. The use of deep learning models
such as FCN (Long et al., 2014) for extracting planar
objects may improve such problems, but it may also
weaken the edge features and ultimately reduce the
accuracy. This requires us to carry out detailed
experiments to prove, so compare various deep
learning models and verifying their applicability to
various features is our next research direction.
Second, the training samples determine the
potential for high precision, and good training samples
and improved model training rely on human input.
Because deep learning is the extraction of features
from multiple targets, for each layer, the extracted
features are ambiguous, and it is currently impossible
to impart human knowledge to guide the model
training (e.g., by telling the model which features are
more suitable for the currently extracted objects) and
to improve training eﬃciency. In addition, model
training carries inherent randomness. The parameters
taken by each training computer are diﬀerent.
Therefore, there will be subtle diﬀerences in the
training results and there will be some small
ﬂuctuations in the accuracy of the ﬁnal results. Model
training depends on the quality of the sample. If the
quality of the sample is high, the accuracy of the ﬁnal
result is high and the training time of the model is
relatively short. If the quality of the sample is low, or
the sample does not cover all the objects to be
extracted, then it is diﬃcult to produce high-quality
extraction results and the model training time is long.
Therefore, in the sample production stage, it is
necessary to pay special attention to the choice of
samples and the accuracy of true values.
Third, the data veriﬁcation in this paper is
completed by comparing the RCF extraction results
and the visual interpretation results in the same image.
It is acceptable only from the ﬁeld of image
recognition, but the remote sensing image is a true
reﬂection of the target of a speciﬁc region. To verify
the eﬀectiveness of the interpretation, it is still
necessary to combine some ﬁeld measurement data
for veriﬁcation, which is one of our follow-up work.
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5 SUMMARY AND OUTLOOK
In this study, we used the RCF deep-learning model
to extract large-scale marine aquaculture areas in the
Sanduao area of Fujian Province from April 2017 to
May 2017. Moreover, we carried out a vulnerability
analysis of marine aquaculture areas in the area.
Marine aquaculture areas are susceptible to suspended
sediment and chlorophyll in background seawater. It
is diﬃcult to extract areas at a large scale using
threshold methods and object-oriented SVM
classiﬁcation. By selecting appropriate samples, we
used the RCF model to extract the boundaries of
marine aquaculture areas, obtain marine aquaculture
area objects, and obtain high-quality extraction results
with an accuracy of >93%. In areas where the model
fails and partial fracture of the extracted culture areas
exists, we plan to use the object-oriented method. The
RCF model is a deep-learning model used to extract
object boundaries. In this study, we used it to extract
marine aquaculture areas and achieved success. For
other land types with obvious boundaries and linear
features, such as roads and farmland, RCF also is
expected to perform well. The types of features on
land are even more complex; however, with more
potential interferences from the background that
features in marine target areas. Therefore, successfully
applying RCF to more ﬁelds is our next research
direction.

6 DADA AVAILABILITY STATEMENT
The data that support the ﬁndings of this study are
available from the corresponding author upon
reasonable request.
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