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Dynamic Mapping of Inland Freshwater Aquaculture
Areas in Jianghan Plain, China

Yifei Han , Jinliang Huang, Feng Ling , Juan Qiu, Zhixuan Liu, Xiaodong Li, Cun Chang , and Hong Chi

Abstract—Freshwater aquaculture in Jianghan Plain plays a key
role in the whole industry of China. It was expanding rapidly to
meet the fast-growing demand of consumption in these decades.
The spatial distribution change of aquaculture in Jianghan Plain
has attracted many researchers in recent years and it is worth
further investigating. However, the accuracy and the quality of
inland aquaculture classification and mapping still have space to be
improved. Our study attempts to use Sentinel-1 and Sentinel-2 data
to classify aquaculture areas, nonaquaculture water, and nonwater
areas. We applied image segmentation and pixel-based feature
computation to obtain candidate datasets. Recursive feature elimi-
nation (RFE) was used to find the optimal datasets which were then
imported into a modified UNet for classification. This workflow was
then applied to the annual datasets for better observation of the
spatial change of aquaculture areas. In total, 12 indices and features
were found most influential and preserved after RFE. The overall
classification accuracy reached 96.83%, while the precision and re-
call of aquaculture areas reached 84.47% and 90.48%, respectively.
The combination of object-based and pixel-based image analysis
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showed its advantage in inland aquaculture classification compared
to other studies. Integrated rice–crawfish farming was found a key
factor motivating the rapid development of aquaculture. Policies
about the fishing ban and ecosystem restoration were also found
deeply affecting the spatial change of aquaculture in Jianghan
Plain.

Index Terms—Aquaculture classification, Jianghan plain,
recursive feature elimination (RFE), sentinel-1, sentinel-2, spatial
change, UNet.

I. INTRODUCTION

AQUACULTURE is currently a fast-growing food industry
and contributes to about 50% of worldwide fish consump-

tion [1]. Dynamic mapping and area change detection have
great potential for better understanding the development of the
aquaculture industry. In recent years, remote sensing (RS) was
found at low cost and highly efficient in achieving such a goal
and it has been implemented in many related worldwide studies
[2]. In China, many lakes have been reformed into aquaculture
areas to meet the increasing food demands these years [3].
Jianghan Plain, where the Yangtze River and Han River cross,
is an important region for the freshwater aquaculture industry in
China [4]. It has experienced great changes in recent years due to
complex social and environmental factors. For example, various
wild species such as Chinese paddlefish suffered extermination
in the Yangtze River [5]. The Chinese government, therefore,
issued a series of fishing ban policies [6] which drove great
changes in the aquaculture distribution pattern in Jianghan Plain.
The conversion from natural lakes to aquaculture areas caused
biodiversity loss in wetlands [7]. The expansion of cage culture
in reservoirs and lakes also increased nutrients and thus induced
eutrophication [8]. To deal with these serious problems, the
officials took many actions such as the demolition of enclo-
sure fences [9]. The dynamic mapping of aquaculture areas in
Jianghan Plain was believed important in supervising the policy
implementation and guiding the development of the local inland
aquaculture industry.

In recent decades, optical satellite images especially multi-
spectral images such as GaoFen-2 [10], Landsat 8 [11], and
Sentinel-2 images [2] have been widely used in aquaculture map-
ping. Synthetic aperture radar (SAR) image such as Sentinel-1
is another RS data type that has been applied to aquaculture
classification [12], [13]. The combination of optical images and
SAR data was regarded as a better way to classify aquaculture
areas. The multispectral information was used to exclude false
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positives and thus enhance SAR performance in related studies
[1]. However, there was a lack of studies that combined these two
RS data to achieve accurate detection of all aquaculture areas on
a regional scale. Most studies focused on small-area aquaculture
extraction or enclosure fence classification [9].

Currently, pixel-based image analysis (PBIA) and object-
based image analysis (OBIA) are two popular methods to help
extract aquaculture areas from satellite images. PBIA methods
such as convolutional neural networks (CNN) and semantic
segmentation have been confirmed useful in aquaculture classifi-
cation studies. For example, Fu et al. [14] designed a CNN-based
method to classify marine aquaculture areas. Cui et al. [15]
used a fully convolutional network (FCN) to achieve pixel-level
categorization of floating raft aquaculture. OBIA segments the
image into objects composed of mutually related pixels and thus
utilizes more abundant features than PBIA [16]. Ren et al. [17]
took the image segmentation method and identified the aqua-
culture ponds by Normalized Difference Water Index (NDWI).
Liu et al. [18] combined object-oriented NDWI and edge fea-
tures to extract raft and cage aquaculture areas. Xu et al. [2]
imported multiple object indices such as Normalized Difference
Vegetation Index (NDVI) into a random forest (RF) classifier
to generate the aquaculture map. However, the pixels which
belong to the same category may not have identical spectral
features and this would cause poor PBIA quality. Purely using
OBIA may also be inappropriate considering that the multiscale
segmentation is not perfect when the adjacent pixels which
belong to different classes have similar spectral properties. The
classification accuracy might get worse when there exist mixed
pixels. The combination of PBIA and OBIA is important to
utilize the advantages of both methods.

Although many studies focused on the classification of aqua-
culture areas, most of these researches were about marine aqua-
culture ponds or raft aquaculture instead of inland aquaculture
areas. Compared to marine aquaculture, inland aquaculture com-
prises many different categories such as scattered small aqua-
culture ponds among arable lands and integrated rice–crawfish
(IRC) farming areas. Some scholars such as Zeng et al. [19] de-
signed an algorithm to extract aquaculture ponds around inland
lakes on medium-resolution multispectral images. However, in
Jianghan Plain, many ponds are scattered around the arable lands
and some of these waters are small reservoirs or farm ponds
used for irrigation rather than intensive aquaculture (see Fig. 1).
A more suitable inland freshwater aquaculture classification
method is needed.

In this study, we aimed at exploring the optimal classification
solution for Jianghan Plain aquaculture areas and analyzing its
spatial changes in three major steps.

1) Pixel and object-based datasets from Sentinel-1 and
Sentinel-2 images were produced and used to find the optimal
datasets influencing classification.

2) Based on the selected datasets, we trained a modified deep-
learning classification model and compared it with other existing
methods.

3) We applied our classification method to achieve dynamic
mapping and observation of spatial change.

Fig. 1. Typical ponds in Jianghan plain. (a) Reservoir and ponds for irrigation.
(b) Small area intensive aquaculture ponds scattered around arable lands.

II. MATERIALS AND METHODS

A. Study Area

Jianghan Plain is located in the middle-south of Hubei
Province, China. The Yangtze River and Han River float across
and converge on this plain which encompasses about an area of
40000 km2 [20]. In this study, we picked 16 counties in Jianghan
Plain (29°25′–31°09′N and 111°14′–114°06′E) as our study area
(see Fig. 2). These counties covered the most important intensive
aquaculture areas of Jianghan Plain such as Honghu Lake.

B. Raw Datasets

In this study, the SAR data we used were Sentinel-1A im-
ages captured from Alaska Satellite Facility Distributed Active
Archive Center.1 We used both vertical-horizontal (VH) and
vertical-vertical (VV) polarized SAR data in interferometric
wide-swath mode and the ground range detected high-resolution
format. We selected four scenes of Sentinel-1 images that cov-
ered the whole study area and they were all captured closest to
December 1st each year considering that the aquaculture areas
were less likely to be flooded by the lake in the dry season
(see Fig. 3). Also, the average monthly precipitation of a typical
prefecture in Jianghan Plain, Jingzhou, reached the lowest in

1[Online]. Available: https://asf.alaska.edu/

https://asf.alaska.edu/
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Fig. 2. Geographic location of Jianghan plain.

Fig. 3. Aquaculture areas around Changhu Lake on (a) August 1, 2016 and
(b) December 9, 2016. Flooded aquaculture areas were outlined in red.

December (0.6 inches). In total, 24 scenes from 2016 to 2021
were obtained.

The optical data we used was Sentinel-2 Level-1C
(L1C) Top-Of-Atmosphere products downloaded from U.S.
Geological Survey website.2 Jianghan Plain was covered by

2[Online]. Available: https://earthexplorer.usgs.gov/

eight scenes of Sentinel-2 images and we used a total of 48
images for the mapping from 2016 to 2021. All scenes of
Sentinel-2 images were also captured at the date closest to
December 1st.

C. Methodology

The workflow of our study is shown in Fig. 4 and explained
in detail thereafter. Our work consisted of five parts: data
preprocessing, index and feature computation, optimal datasets
selection, classification, and spatial change observation.

1) Data Preprocessing: All these Sentinel-1 SAR images
were then preprocessed using the method introduced in [21]
to generate 10 × 10 m spatial resolution images which rep-
resented VV and VH polarization measurements. We applied
Sen2Cor v2.9 to accomplish the preprocesses including applying
orbit files, thermal noise and border noise removal, calibration,
speckle filtering, terrain correction, and conversion to dB.

Sen2Cor was also applied to correct the effects of the atmo-
sphere, and thus we produced Level-2A (L2A) corrected re-
flectance images as introduced in [22]. We selected widely-used
six bands from these L2A images in our study (see Table I).

2) Index and Feature Computation: In this study, we calcu-
lated many types of indices based on preprocessed Sentinel-1
and Sentinel-2 data as the import.

https://earthexplorer.usgs.gov/
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Fig. 4. Overall workflow of our study.

TABLE I
BANDS SELECTED FROM SENTINEL-2 L2A DATA

Three spectral indices calculated based on band information
from Sentinel-2 images were applied to help extract aqua-
culture ponds: Modified Normalized Difference Water Index
(MNDWI), Complete version of Multi-Spectral Water Index
(MuWI-C), and NDVI. MNDWI and MuWI-C were proven
reliable in water mapping on Sentinel-2 and we used the cal-
culation method introduced in [23] and [24] to produce the
maps. NDVI was another widely-accepted index effective in
aquaculture area recognition considering that aquaculture areas
usually have higher nutrients and higher algae concentrations
compared to natural water bodies [2]. We did not use NDWI in
our study because MNDWI was found more accurate in water
body extraction than NDWI [23]. These three spectral indices
were calculated by the following equations:

NDVI = (NIR−R)/(NIR+R) (1)

MNDWI = (G− SWIR1) / (G+ SWIR1) (2)

MuWI− C

= −16.4ND (B,G)− 6.9ND (B,R)

−8.2ND (B,NIR)− 8.8ND (B,SWIR1)

+ 9.6ND (B,SWIR2) + 10.8ND (G,NIR)

+ 6.1ND (G,SWIR1) + 13.6ND (G,SWIR2) (3)

− 0.28ND (R,NIR)− 3.9ND (R,SWIR1)

− 2.1ND (R,SWIR2)− 5.3ND (NIR, SWIR1)

− 5.3ND (NIR, SWIR2)− 5.3ND (SWIR1, SWIR2)

− 0.33

where B, G, R, NIR, SWIR1, and SWIR2 are the optical bands of
Sentinel-2 images. ND(i, j) represents the normalized difference
between Sentinel-2 band i and band j.

Grey-level Co-occurrence Matrix (GLCM) was the most
commonly used method to extract texture information from
images [25], and it was proved useful in aquaculture area
classification [10], [14]. In this study, we first used principal
components analysis [26] to generate the first few principal
component layers which indicated over 99% of the information
of the input Sentinel-2 images. Then we applied the GLCM
of 5 × 5 kernel size to the preserved principal components
and extracted seven textural indices including angular second
moment, contrast, dissimilarity, energy, entropy, homogeneity,
and stand deviation (Std).

All selected Sentinel-2 bands as well as Sentinel-1 VV and
VH images were stacked in ArcMap 10.8 and were then im-
ported into the software eCognition v9.0 for segmentation and
object feature extraction. The segmentation method we used was
the multiresolution algorithm [27]. We tested different scale
parameters (S), shape/color parameters (wsha/wcol), and
compactness/smoothness parameters (wcom/wsmo) multiple
times and set them to 20, 0.5, and 0.8, respectively, to ensure that
most aquaculture ponds were distinguished from the background
and they were intact enough.
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TABLE II
DETAILS OF ALL 33 LAYERS USED IN THIS STUDY

The object-based features which we captured from the seg-
mented object layers were two types: spectral features and
geometry features. The spectral features we obtained were the
standard deviations of each object on different layers. The ge-
ometry features included area, compactness, density, elliptic fit,
length-width ratio, rectangular fit, and shape index (SI). The
calculation and explanation of these features can be found in
[28], [29], and [30].

All the data used in this study were listed in Table II and they
were converted to band layer format as the input for the following
procedures. The object-based features were also transferred to
layer format where the feature value of each object was inherited
by each pixel in the extent of this object.

3) Optimal Datasets Selection: Considering that in total 33
layers were stacked as the input for each scene, it was necessary
to reduce the dimension to ease the computation load. Also,
high-dimensional data might include layers that were not helpful
enough in learning the features of aquaculture areas and this
would cause an overfitting problem [31].

Recursive feature elimination (RFE) is an algorithm used to
find the optimum number of features performing well in the
analysis [32]. In this study, we applied RFE to filter out the
redundant layers considering that it was also proved effective in
OBIA [33].

In our study, we used Python 3.8.8 with the package Scikit-
learn 0.24.2 to build a Gradient Boosting Decision Tree (GBDT)
based classification model to conduct RFE. Similar to the popu-
lar RF algorithm, GBDT is also in the form of ensemble decision
trees but usually performs better than RF does [34]. The Gini
index which represents the importance of each parameter can be
calculated by the following equation [35]:

Gk = 2p(1− p) (4)

where Gk is the Gini index of node k, and p is the fraction of the
positive example assigned.

Fig. 5. Extents of sample images and manually labeled images. (a) Presents the
extent of 12 sample images (true color) cropped out from the all-layer-stacked
images of December 9, 2016. (b)–(d) True color image, the manually labeled
image, and the UAV-based field survey photo of point P1. (e)–(g) Present the
true color image, the manually labeled image, and the UAV-based field survey
photo of point P2.

We cropped 12 sample images out of all-layer-stacked full
images of 2016. The extent of each sample image was about
3100 × 3100 pixels (see Fig. 5). All these 12 sample images
were manually classified into three categories: aquaculture areas
(AA), non-aquaculture water (NA), and nonwater areas (NW).
AA and NA are both water-based. To help understand their
differences, we present some typical images of both these two
categories in Fig. 6. We selected several areas to take field
surveys and then manually labeled all sample images. Some
areas were verified by the field survey results (see Fig. 5). We
did a field survey by using an unmanned aerial vehicle (UAV) to
capture the photos which matched the selected areas on satellite
images. After manual labeling, we exported the values of 33
layers for each pixel and randomly selected one million pixels
as the input for the GBDT model.

According to RFE, we removed the parameter with the lowest
Gini index after we trained the GBDT classification model
for each time until the classification accuracies continuously
decreased for three iterations and the latest accuracy was lower
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Fig. 6. Typical aquaculture areas and nonaquaculture water areas in Jianghan plain.

Fig. 7. Modified UNet architecture used to classify aquaculture areas.

than 95%. This rule ensured that the dimension of the retained
layers can be as small as possible while most useful parameters
can be preserved.

4) Aquaculture Area Classification and Spatial Change Ob-
servation: The pixel-based image classification method we used
in this study was deep learning-based semantic segmentation
developed in recent years. Semantic segmentation usually out-
performed traditional pixel-based classification methods such as
maximum likelihood [36]. We constructed a modified UNet (see
Fig. 7) to achieve highly accurate recognition of the aquaculture
area. UNet is a form of FCN and it has been proven effective in
different land use and land cover tasks [37], [38]. The modified
UNet was implemented using Python 3.8.8 with the TensorFlow
2.7.0 framework and trained on NVIDIA 3080 Ti GPU.

We used all 12 sample images but only preserved n layers (n
represented the number of layers preserved after RFE). Then we
split all sample images into 9630 subimages where the extent
of most of them was 112 × 112 pixels. There were still a
few marginal subimages smaller than this size. Considering the

serious data imbalance problem, we selected 1600 subimages
according to the proportion of non-water pixels in each subimage
to make sure the pixel numbers of different classes were closer.
We picked the first 1600 subimages following the ascending
order of nonwater pixel proportion. However, most subimages
were dominated by nonwater pixels. To make sure all types of
land cover were included in our study, we randomly preserved
100 subimages from the left 8030 subimages where nonwater
areas occupied most of the pixels. Therefore, the number of
sample subimages finally reached 1700. The modified UNet
started with the input of 112 × 112 × n pixel size, the margin
subimages were reshaped before training. All these 1700 subim-
ages were randomly split into 1550 training and 150 validation
sets. The numbers of sample pixels by each class were presented
in Table III.

There are two main differences between our modified UNet
and the original UNet [39]. First, our modified UNet was more
concise that it only comprised 19 convolutional layers rather
than 23 in most popular UNet structures. Second, except for
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TABLE III
INFORMATION ON THE TRAINING SETS

the last convolutional layer, each layer was followed by a batch
normalization layer to accelerate the training speed and also
increase the network stability. There were also some small
changes compared to the popular UNet architectures and should
be noticed. The first 18 convolutional layers all used a 3 × 3
kernel size because some aquaculture ponds were very small and
dense, the larger kernel size might smooth the edge and corner
feature delivered to the next layer which made it less efficient
to learn the features. There was also a 1 × 1 convolutional layer
inserted before output. All activation functions applied in this
architecture were ReLU except the one for the last convolutional
layer, which used Softmax. In addition, we inserted two dropout
layers (dropout = 0.5) before the end of the last two blocks in
the encoder to avoid the overfitting problem.

The output of this modified UNet was transformed into a
prediction map of three classes (AA, NA, NW). We randomly
created 10000 checkpoints in our study area excluding the extent
of all 12 sample images, considering the cost of a comprehensive
field survey, here we labeled all these checkpoints purely by
visual interpretation and manually assessed the classification
result by analyzing the confusion matrix and the precision and
recall. The precision of class A shows the proportion of correctly
classified A pixels in all the pixels recognized to be A by the
classifier. Whereas recall represents the number of correctly
classified A pixels out of all ground truth class A pixels. The
accuracy (ACC), precision (P), and recall (R) were computed
by the following equations:

ACC =

∑3
i = 0 ci
3

(5)

P = ci/mi (6)

R = ci/ni (7)

where ci is the number of correct classifications of the ith
category, ni is the number of checkpoints manually labeled the
ith category, and mi is the number of checkpoints predicted
to be the ith category. The classification result of our method
was then compared with two other existing methods: 1) the
object spectral feature-based extraction [17]; and 2) the spectral-
spatial-morphological-based extraction method [40].

All full extent n layers-stacked images from 2016 to 2021
were then cropped into subimages and classified via the modi-
fied UNet. The classified maps were produced by mosaicking.
The changes in the spatial distribution of all aquaculture areas
between different years in the Jianghan Plain study area were
analyzed by taking the social factors into account.

Fig. 8. Data eliminated before each iteration and the corresponding GBDT
classification accuracy (None: first iteration without eliminating any data;
Std_i: standard deviation of layer i; ASM: angular second moment; LenWid:
length/width ratio; RecFit: rectangular fit).

TABLE IV
OPTIMAL DATASETS PRESERVED AFTER RFE

III. RESULTS

A. Results of the Optimal Dataset Selection

In total, 21 types of data were found not necessary enough
by our RFE results (see Fig. 8). The 22nd iteration presented an
accuracy below 95% and the accuracy has been decreasing for
over three iterations, therefore the standard deviation of layer G
and all the uneliminated data were preserved to be our optimal
datasets. Although the accuracy after the 12th iteration kept de-
creasing, it was still over 95% before the 22nd iteration and such
decreasing trend is mild. The tradeoff of taking RFE to reduce
dimensions rather than keeping these data was reasonable. All
these preserved data as well as their importance (Gini index)
were listed in Table IV.

B. Results of Classification by Different Methods

The modified UNet introduced in our study was compared
with the methods proposed by the authors in [17] and [40].
Duan et al. [40] used multiple features including MNDWI and
Automated Water Extraction Index (AWEI) as thresholds and
took a decision tree algorithm to split aquaculture ponds. Ren
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Fig. 9. Confusion matrixes of classification results by (a) REN’s method
[17]; (b) Duan’s method [40]; (c) our method. (AA: aquaculture area; NA:
nonaquaculture water; NW: nonwater area).

et al. [17] used rulesets to obtain objects and used the NDWI
threshold to filter aquaculture ponds. Ren’s method was slightly
modified by us applying RF to split AA and NA. All these three
methods were tested on the randomly created 10000 checkpoints
and their confusion matrixes were presented in Fig. 9.

The confusion matrixes showed that our method outper-
formed the other two on both AA and NA classifications. It
was inspiring that our recall of aquaculture areas classification
reached 90.48%. The overall accuracy of our method was also
higher than the other two but the gap was not that obvious.

We compared the classification results and selected two small
regions as examples which were shown in Figs. 10 and 11.

Fig. 10 showed that our method recognized most of the
intensive aquaculture areas near the lake, and the ditch was also
correctly categorized as NA rather than AA classified by the
other two methods. Ren’s method was the least accurate, almost
1/3 of the aquaculture ponds were interpreted as NA. As for
the typical AA scattered in arable land (see Fig. 11), we found
that our classification method was still the most reliable one.
Fig. 11(a) showed that Ren’s method ignored many aquacul-
ture ponds. Besides, some nonaquaculture ponds and even the
river were misclassified as aquaculture areas by both Ren’s and
Duan’s methods.

Fig. 10. Classification results of a sample aquaculture area near Honghu Lake
by three methods. (a)–(c) Results of Ren’s method [17], Duan’s method [40],
and our method, respectively. (d) Manually labeled map. (e) True color image.
(f) False color image (R: NIR; G: red; B: green).

Fig. 11. Classification results of a sample aquaculture area surrounded by
arable land by three methods. (a)–(c) Results of Ren’s method [17], Duan’s
method [40], and our method, respectively. (d) Manually labeled map. (e) True
color image. (f) False color image (R: NIR; G: red; B: green).

C. Spatial Distribution and Its Change of the Aquaculture in
Jianghan Plain

Our method was applied to the images from 2016 to 2021
to better observe the spatial changes in aquaculture areas in
Jianghan Plain. The mapping of each year was presented in
Fig. 12. It can be seen that most of the aquaculture areas were
distributed around Honghu Lake located in the southeast part
of Jianghan Plain. Besides, there was also a clear expansion of
aquaculture areas in the middle part of Jianghan Plain during
these years.

The area change in the aquaculture industry in Jianghan Plain
during these years was mapped and recorded (Figs. 13 and 14).
We found that the aquaculture area kept expanding and reached
the largest in 2019, 2750.18 km2. This number then suddenly
declined to 2224.53 km2 in 2020 and recovered to 2705.03 km2
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Fig. 12. Annual aquaculture maps of the Jianghan plain study area.
(a)–(f) Mapping from 2016 to 2021, respectively.

Fig. 13. Aquaculture spatial change maps of the Jianghan plain study area.
(a)–(e) Changes from 2016 to 2017, 2017 to 2018, 2018 to 2019, 2019 to 2020,
and 2020 to 2021, respectively.

Fig. 14. Aquaculture-related change in Jianghan plain between 2016 and 2021.
(a) Typical aquaculture-related area changes. (b)–(d) Image of December 9,
2016, the image of November 18, 2021, and the land class change map of Honghu
Lake (P1). (e)–(g) Image of December 9, 2016, the image of November 18, 2021,
and the land class change map of Qianjiang county (P2).

in 2021. Besides, we also compared the aquaculture area map
of 2016 and the latest map of 2021. Fig. 14 showed that many
aquaculture areas in Honghu Lake and Diaochahu Lake located
in Hanchuan were reformed into water. The surrounding aqua-
culture ponds were also removed and changed to nonwater land
cover. The expansion of aquaculture areas was also significant,
especially in Hanchuan and the middle part of Jianghan Plain.
Some typical changes were presented in Fig. 14.

IV. DISCUSSION

A. Analysis of the Datasets Selection

Our feature selection experiment presented interesting re-
sults. The two spectral indices, MuWI-C and MNDWI, showed
dominant influences. Both these two indices displayed a highly
reliable capability in water-related land use extraction. The Gini
index of MuWI-C even exceeded 0.3, which means that it is the
core factor influencing the classification result.

We also found that most of the optimal datasets preserved
were spectral-related. For example, all three spectral indices
were found important and some other raw bands such as B,
NIR, and SWIR2 were also retained. In addition, object-based
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data also showed some contribution to the classification. The
SI, density, as well as standard deviation of band G and band
SWIR2, were all related to the inspiring classification results.
It is worth noticing that the shape of intensive aquaculture
areas was usually regular, unlike nonaquaculture water such as
reservoirs. The shape of the ditch was also different from most
aquaculture ponds as it was usually very narrow and long. These
could be vital reasons for explaining the preservation of SI in
our optimal datasets. The results of Ren’s method and Duan’s
method also indicated the importance of SI, because both of
them existed the wrong classification of rivers and ditches (see
Figs. 10 and 11).

The Gini importance of VH was only 0.0713 which means
that although the importance of the backscatter feature still
exceeded most other datasets, even typical geometry features and
textural features, it was still not that significantly contributing
to the classification. A possible explanation was that the raw
spatial resolution of Sentinel-1 SAR data was not high enough
to support the precise classification, the resampled data was still
far from the ground truth.

B. Analysis of the Classification Method

Compared to the traditional pixel-based classification meth-
ods such as index threshold analysis, the use of modified UNet
in our study had the advantage that the suitable convolutional
layers helped to learn the spatial pattern [41] especially when our
modified UNet was very deep. Our method not only extracted
the water from the background but also learned the unique
spatial distribution patterns to distinguish the aquaculture area
and nonaquaculture water. For example, the isolated reservoir
would not be classified as an intensive aquaculture pond and vice
versa. In comparison, Ren’s and Duan’s methods neglected the
spatial distribution pattern and their classification results were
therefore disrupted (see Figs. 10 and 11).

Our classification presented an inspiring capability in extract-
ing intensive aquaculture areas. Fig. 10 showed that almost all
those rectangular aquaculture ponds were accurately classified.
Whereas a small issue is worth noticing. A few NA pixels nearby
the intensive aquaculture ponds were wrongly classified as AA.
A possible explanation was that our model was misguided by the
dense regular-shaped aquaculture ponds. If these neighboring
NA or NW pixels happened to have very similar features com-
pared to AA pixels, it would be likely for our model to incorrectly
classify them due to their spatial distribution patterns.

The classification results showed that many AA or NA clusters
extracted by our method were slightly bigger than the ground
truth. This was partly due to the mixed pixels. It can be seen
from Fig. 11 that our model categorized most of the mixed
pixels of land cover margins into AA or NA rather than their
surrounding NW land types. Fig. 9 showed that the precision of
our method on AA was below 85%, and 112 checkpoints labeled
NW were wrongly classified as AA. This might be due to the
data distribution of sample subimages. In the real world, AA and
NA only had a very small proportion compared to NW, from
the random checkpoints we can find that NW covered almost
85% of the whole area. However, we took the under-sampling

Fig. 15. Classification results on different types of aquaculture areas.
(a), (c), (e), and (g) Classification results of enclosure aquaculture areas, in-
tensive aquaculture ponds, integrated rice-crawfish farming areas, and scattered
aquaculture ponds, respectively. (b), (d), (f), and (h) Corresponding true color
images in order.

method [42] by dropping many of them to make sure the sample
subimages were not way too imbalanced for training a reliable
deep learning model. But meanwhile, it also sacrificed some
opportunities for our model to fully learn the features of NW
areas considering that NW was a complex category rather than
a single land cover type. The tradeoff between the data balance
and NW distribution pattern in the real world remains a problem
and it is worth further exploring.

We also found that, for different types of aquaculture ar-
eas, our classification presented slightly different performances.
From Fig. 15, we can see that the classification results on scat-
tered aquaculture ponds were very accurate. Several very small
ponds were not recognized and we believed it was limited due
to the coarse resolution of raw SAR data. The classification per-
formance on intensive aquaculture ponds was also satisfactory
although a few ponds were misclassified to be NW. However,
the recognition of integrated rice-crawfish farming areas and
enclosure aquaculture areas was found slightly less reliable.
Fig. 15(a) and (e) showed that most of these misclassified areas
were located in large integral land parcels. We believed that
the multiresolution segmentation algorithm split such large-area
parcels into several irregular pieces. The object features of all
these pieces varied a lot and thus contaminated both the training
process and the prediction.

C. Spatial Changes of Aquaculture in Jianghan Plain

The aquaculture maps of different years (see Fig. 12) showed
that the aquaculture industry was concentrated in five counties:
Hanchuan, Honghu, Jianli, Qianjiang, and Xiantao. The map of
2016 indicated that Hanchuan, Honghu, and Xiantao covered
most of the aquaculture areas in Jianghan Plain. It was in accord
with the fact that Honghu Lake was the principal freshwater
aquaculture area of China [43] and Paihu Lake in Xiantao and
Diaochahu Lake in Hanchuan were both important intensive
aquaculture farms of Hubei Province.

The aquaculture areas in Qianjiang and Jianli expanded sig-
nificantly after 2016 (see Figs. 12 and 13) and supported the
overall aquaculture areas to reach the top in 2019 (see Fig. 16).
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Fig. 16. Area change of the aquaculture industry in Jianghan plain from 2016
to 2021.

An important factor that may have contributed to this change is
the rapid growth of IRC farming in recent years [44], [45]. The
IRC areas were watered for crawfish breeding before winter.

The sudden descending of the aquaculture area from 2019 to
2020 can be explained by the lockdown of Hubei Province due
to the pandemic of Corona Virus Disease 2019 (COVID-19).
The decrease in market demand slowed the recovery of the
aquaculture industry [46]. The shrinkage of aquaculture areas
was majorly driven by the decline of the IRC farming area.
Most ponds were fixed but the crawfish breeding was stopped
due to the lockdown. This can be verified by Figs. 12 and 13
that the aquaculture areas massively decreased in Qianjiang
County while the aquaculture shrinkage in other counties was
not that significant. However, the area of the aquaculture industry
significantly recovered in 2021. A possible explanation was that
the control measures in Hubei Province were loosened and the
aquaculture market recovered after the initial stage of panic.

Directly comparing the aquaculture maps of 2016 and 2021,
we found some interesting phenomena which can be explained
by the policies and social factors in recent years. Most aqua-
culture areas alongside the lakes such as Honghu Lake and
Diaochahu Lake were converted into water and nonwater areas.
The enclosure cultures in the lakes and reservoirs in Jianghan
Plain were all banned and demolished starting in 2016 for
ecosystem recovery [47]. However, the increase of aquaculture
areas surrounding the lakes indicated that the enclosure cultures
were moved and reformed to aquaculture ponds rather than com-
pletely removed. The increase of IRC was possibly an important
reason contributing to the significant increase of aquaculture
areas in Jianghan Plain (see Fig. 14). Moreover, the Yangtze
River fishing ban policies implemented in 2017 and enhanced
after Chen et al. [48] have also played a key role in boosting
the aquaculture industry by driving the fishery move from wild
fishing to aquaculture farming.

The method proposed in this study provided a good result.
The classification results were explainable and accorded with the
fact. However, it still has shown some potential to be improved.
The dynamic maps of aquaculture areas might still be a little
deviated from the manually labeled map considering that for
each scene and each year we only used one image. Multitemporal
images could help increase reliability. For example, the IRC

farming fields not watered until late December cannot be distin-
guished by our method, whereas it still should be counted as the
aquaculture area in that year. The parameters of multiscale seg-
mentation used in this study showed good performance in OBIA,
however, there still has space to be improved if further research
on segmentation method optimization is focused. Besides, the
spectral reflectance on the same land object captured by an op-
tical sensor at a different time could be slightly different, which
means that our modified UNet cannot achieve full classification
capability when applied to images of different years. Some other
spectral and object features or even hyperspectral images may
be explored in the future to enhance the classification accuracy
if possible.

V. CONCLUSION

In this study, we proposed a novel method using Sentinel-1
and Sentinel-2 data to classify aquaculture areas, nonaqua-
culture water, and nonwater areas in Jianghan Plain. Image
segmentation was applied and multiple indices and features
were computed. The optimal 12 datasets were selected by
GBDT-based RFE and then imported to our modified UNet for
model training. The best classification overall accuracy reached
96.83%. The precision of aquaculture areas reached 84.47% and
the recall was 90.48%. The combination of OBIA and PBIA
showed its priority compared with other existing classification
methods. This method was then applied to the images of the
following years for the observation of the spatial distribution
and the change in the aquaculture industry in Jianghan Plain.
IRC farming was found one of the key factors contributing to
the rapid development of aquaculture in recent years. Policies
also showed great influences on enclosure culture demolishment
for ecosystem restoration and the fishery movement from the
Yangtze River to aquaculture farming due to the fishing bans.
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