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Abstract: The accurate acquisition of water information from remote sensing images has become
important in water resources monitoring and protections, and flooding disaster assessment. However,
there are significant limitations in the traditionally used index for water body identification. In this
study, we have proposed a deep convolutional neural network (CNN), based on the multidimensional
densely connected convolutional neural network (DenseNet), for identifying water in the Poyang
Lake area. The results from DenseNet were compared with the classical convolutional neural
networks (CNNs): ResNet, VGG, SegNet and DeepLab v3+, and also compared with the Normalized
Difference Water Index (NDWI). Results have indicated that CNNs are superior to the water index
method. Among the five CNNs, the proposed DenseNet requires the shortest training time for model
convergence, besides DeepLab v3+. The identification accuracies are evaluated through several error
metrics. It is shown that the DenseNet performs much better than the other CNNs and the NDWI
method considering the precision of identification results; among those, the NDWI performance is by
far the poorest. It is suggested that the DenseNet is much better in distinguishing water from clouds
and mountain shadows than other CNNs.

Keywords: convolutional neural network; water identification; water index

1. Introduction

Water is an indispensable resource for a sustainable ecosystem on earth. It contributes significantly
to the balance of ecosystems, the maintenance of climate change and the carbon cycle [1]. The formation,
expansion, shrinkage and disappearance of surface water are important factors influencing the
environment and regional climate changes. Water is also an important factor in socioeconomic
development, because it affects many agricultural, environmental and ecological issues over time [2,3].
Hence the rapid and accurate extraction of water resource information can provide necessary data,
which is of great significance for water resource investigation [4–6], flood monitoring [7,8], wetland
protection [9,10] and disaster prevention and reduction [11,12].

In recent years, a lot of research has been done on image foreground extraction and
segmentation [13]. This study proposed an Alternating Direction of Method of Multipliers (ADMM)
approach to separate the foreground information from the background, and it has a great effect upon
the separation of text, moving objects and so on. There are also many algorithms for extracting
water from remote sensing images, including spectral classification [14], the threshold segmentation
method [7,15] and machine learning [16–18].
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However, the accurate identification of water is always a difficult problem because of the
complicated terrain, classification methods and remote sensing data itself. Because of its simplicity
and convenience, the water index is the most commonly used water identification method. Among
them, the Normalized Difference Water Index (NDWI) [19], Modified NDWI (MNDWI) [20] and
the Automated Water Extraction Index (AWEI) [21], are most representative methods. The NDWI
normalized green and near-infrared bands to enhance the water information to separate the water better,
but it had a large error in urban areas [20]. MNDWI ameliorates this problem by using mid-infrared
bands [20]. What these water indices have in common, is that they all use differences in the reflectivity
of water at different wavebands to enhance water information. The water is then classified by setting
a threshold.

There are two problems with the water index approaches, and one of them is that every water
index has its drawbacks. For example, the NDWI was poor at distinguishing between water and
buildings, and the MNDWI was poor at distinguishing water from snow and mountain shadows.
More sophisticated methods for high-precision water maps require auxiliary data, such as digital
elevation models and complex rule sets to overcome these problems [22–24]. Another problem is that
the optimal threshold to extract water is not only highly subjective, but also varies with region and
time. By adopting the method of the Automatic Water Extraction Index [21], the extraction result was
improved, but the threshold still changes with the change of time and area.

Statistical models are also used for identifying the water bodies, which can be divided into
unsupervised and supervised classifications. It is generally more accurate than other methods, because
it does not require an empirical threshold. No prior knowledge is applied in the unsupervised
classification, while supervised classification makes classifications by learning from given samples.
There are many popular supervised methods, like maximum likelihood [14] and the decision
tree [25,26]. Most methods require additional inputs for more accurate results, such as slope, and
mountain shadow [25,26], in the original band, and so on. All of these increase the data volume and
calculation difficulty.

In recent years, the recognition algorithm based on artificial intelligence has been developing
rapidly. Different from the traditional methods, deep learning can adapt learning from a large number
of samples with flexibility and universality [27]. The convolutional neural network is one of the
commonly used models of deep learning, which greatly reduces the number of parameters, enhances
the generalization ability, and realizes the qualitative leap of image recognition by its features of local
connection and weight sharing [17]. As part of the study of neural networks, the recent popularity
of neural networks has revitalized the research field. As the number of network layers increases,
the differences between different structures are also enlarging, which has stimulated the exploration
of different network structures [28–32]. Many different network structures have been proposed to
realize the semantic segmentation of images. One is the encoder–decoder structure, such as Unet [33],
SegNet [34] and RefineNet [35]. The encoder is used to extract image features and reduce image
dimensions. The decoder is used to restore the size and the detail of the image. The other is to
use the dilated convolutions, such as DeepLab v1 [36], v2 [37], v3 [38], v3+ [39] and PSPNet [40].
They can increase the input field without pooling, so that each convolution contains a larger range
of information in the output. In addition, networks that have been proven to be effective in object
detection applications were also applied to the instance segmentation field and showed good efficiency.
For instance, the regional convolutional network (R-CNN) [41], Fast R-CNN [42], Faster R-CNN [43],
Mask R-CNN [44], etc. A new framework has also been proposed called the Hybrid Task Cascade
(HTC), which combined cascade architecture with R-CNN for better results [45]. Attention mechanisms
have also been applied to segmentation networks by many researchers. Chen et al. [46] showed that
the attention mechanism outperforms average and max pooling. More recently, a Dual Attention
Network (DANet) [47] has been proposed which appended two types of attention modules on top of
dilated FCN, and achieved some new state-of-the-art results on multiple popular benchmarks.
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Besides those networks mentioned above, there are many other types of depth model applied to
image segmentation, like applying active contour models to convolutional neural networks (CNNs) [48],
and so on. Shervin et al. [49] have made a thorough network summary for image segmentation.

The corresponding features from the image of target detection and classification can be extracted
by the deep convolutional neural network. It is reported to perform well in image classification and
target detection, and there are already some models developed, such as LeNet [50] in 1998, AlexNet [28]
in 2012, GoogLeNet [29] and VGG [30] in 2014 and ResNet [31] in 2015. With the technical development,
the complexity of these models is increasing. The VGG network uses only a 3× 3 convolution kernel and
2 × 2 pooling kernel [30]. The use of a smaller convolution kernel can increase the linear transformation
and improve the classification accuracy. It also shows that the increase of network depth has a great
effect on the improvement of the final classification results of the network. However, simply increasing
the network depth will lead to gradient vanishing or gradient explosion. ResNet solves this problem
by introducing a residual block [31]. It passes information direct to output to protect the integrity of
the information. The whole network just needs to know the difference between the input and output,
simplifying the learning process. Recent research on ResNet shows that many of its middle layers
contribute little to the actual training process, and can be randomly deleted, which makes ResNet
similar to the recurrent neural networks [32]; but, since ResNet has its own weight every layer, it has a
larger number of parameters. The multidimensional densely connected convolutional neural network
(DenseNet) [51] proposed in 2016 does not have the above problems. It gives full play to the idea of a
residual block in ResNet, and each layer of its network is directly connected to its previous layer to
achieve the reuse of features. This enables the network to be easy to train by improving the flow of
information and gradient throughout the network. At the same time, it has a regularization effect, and
can prevent the overfitting effect for small data sets. Besides, each layer of the network is very narrow,
leading to reduced redundancy. Crucially, unlike ResNet, the DenseNet combines features, not by
summing them before passing them to the next layer, but through concatenation instead. Compared to
ResNet, the number of its parameters is greatly reduced. The experimental result has shown that the
DenseNet has fewer parameters, faster convergence speed and shorter training time under the premise
of ensuring the training accuracy [51].

So far, Landsat is one of the most commonly used data satellites in water extraction research, the
spatial resolution is 30 meters, and the temporal resolution is 16 days [52]. The GF-1 satellite was
launched in April 2013 by China, which was equipped with two full-color cameras with a resolution of
2 m, and a multi-spectral camera with a resolution of 16 m. Since the revisit period of the GF-1 satellite
is about four days, it has apparent advantages regarding its spatial and temporal resolutions. However,
there are still rare cases using GF-1 satellite images for water body extraction, especially with the deep
learning algorithms.

In this paper, we use the convolutional neural network (CNN) to extract water bodies from
GF-1 images. We borrowed the idea of DenseNet and added the up-sampling process to form a
fully convolutional neural network. At the same time, the skip layer connection was added in the
up-sampling and down-sampling processes to improve the efficiency of feature utilization. This paper
compares this model with the two segmentation networks of SegNet and DeepLab v3+, two feature
extraction networks of ResNet and VGG, and also the traditional water index method to understand
their efficiencies in water body identification.

2. Materials and Methods

2.1. Study Area

The Poyang Lake (28◦22′–29◦45′N, 115◦47′–116◦45′E), is located in the north of the Jiangxi
province. It is the largest freshwater lake in China. In the rainy summer season, the area of lake can
exceed 4000 km2; in the relatively dry autumn and winter, the lake area will typically shrink by more
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than 1000 km2. The lake is mainly fed by precipitation, and sometimes the Yangtze River flux. Rainy
season in the Jiangxi province usually begins in April, and lasts for about three months.

The increase in precipitation causes the water level of the Poyang Lake to rise. The precipitation
amount decreases after July. However, the water level of the Yangtze River rises due to the water
supply from precipitation and snowmelt in its upper reaches, which feeds the Poyang Lake and makes
the water level of this Poyang Lake continue to rise [53] under the continuous influence of human
activities and the Yangtze River water diversion and a large amount of sediment deposits, which has
an important influence on the area of Poyang Lake.

Figure 1 shows the river networks in the Poyang Lake basin. Since most of the water bodies in
the Poyang Lake basin are distributed in the northern region, we have selected an area of interest
to compare the water identification effects of different methods. Due to the influence of monsoon
precipitation, the spatial coverage of Poyang Lake changes significantly during the wet and dry seasons.
Therefore, we select images in summer and winter, respectively, to evaluate the water body recognition
effect of the used models.
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2.2. Data

The GF-1 satellite was launched in April 2013 and obtained a large amount of data since then. It
carries two panchromatic/multi-spectral (P/MS) and four wide-field of view (WFV) cameras. Within
the spectral range of the GF-1 WFV sensor (450–890 nm), there are four spectral channels to observe
the reflected solar radiation from the earth. It has a spatial resolution of 16 m, a stripe width of 800 km,
and consists of four cameras. The temporal resolution is four days. Therefore, it has the characteristics
of high frequency revisit time, high spatial resolution and wide coverage, and is an ideal data for
large-scale land surface monitoring.

The GF-1 satellite images are provided by the China Resource Satellite Application Center
(http://www.cresda.com/CN/). In this study, our model also increases the input channels compared
with the conventional neural network, and all the four spectral channels of GF-1 images are used.

http://www.cresda.com/CN/
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2.3. Methods

To produce a water map from high-resolution satellite images, a DenseNet-based water mapping
method was proposed. To verify the effectiveness of the proposed method, we compared this method
with both methods of water index and classical convolutional neural network.

We select the method of the water index because it is the most widely used and representative
method in the field of remote sensing image water extraction. Using the water index, we want to
show that the proposed method has better performance than the traditionally used water index in
water extraction, and in order to avoid the influence of subjective factors above the threshold selection
of water index on the results, we used the Otsu’s threshold segmentation method [54,55] to find the
optimal threshold. Due to the limitation of GF-1 spectral bands, we choose the NDWI to extract water.

2.3.1. The Normalized Difference Water Index (NDWI)

The GF-1 images only contain four bands, hence NDWI can only be used to identify the water
area. The optimal threshold of NDWI is determined using Otsu’s method. The NDWI is a widely-used
method for water identification based on the green band and near-infrared band. Using GF-1 spectral
bands, the NDWI is computed as follows:

NDWI =
bgreen − bnear−infrared

bgreen + bnear−infrared
(1)

where bgreen represents the reflectivity of green band, bnear-infrared represents the reflectivity of
near-infrared band. Ideally, a positive NDWI value indicates the ground is covered with water, rain
or snow; a negative NDWI value indicates vegetation coverage; and the ground is covered by rocks
or bare soil if the NDWI is equal to 0. The threshold value is always not 0, due to various influences
such as vegetation on the water surface. The selection of threshold is a key and difficult problem for
accurate water body identification, and we use Otsu’s method to determine it.

This Otsu’s method is a classical algorithm in the image segmentation field which was proposed
by the Japanese Nobuyuki Otsu in 1979 [54,55]. It is an adaptive threshold determination method. For
a color image, it converts the image into a grayscale image and then distinguishes the target from
the background according to the grayscale characteristics. The larger the variance of the gray value
between target and the background, the greater the difference between these two parts. So, it calculates
the maximum value of the class variance between target and background to find the optimal threshold.
Among them, the definition of inter-class variance is as follows:

e2(T) = PO (µ − µ′O

)2
+ Pb (µ − µ

′

b

)2
(2)

where µ is the grayscale mean of the image, µo and µb are the means of the target and background, Po

and Pb are the proportion of grayscale of target and background, and T is the threshold. When T is the
maximum value of e2(T), it is the optimal threshold.

In this study, as the pixel-wise NDWI values are derived, it is necessary to stretch them to the
gray value from 0 to 256, from which Otsu’s threshold is then calculated to segment the water body
from the background.

2.3.2. Evolution of Convolutional Neural Network

With the development of technology and the optimization of hardware facilities, many classical
networks have emerged after numerous updates of the convolutional neural network. In 2014,
researchers developed the new deep convolutional neural network, VGG [30]. They discussed the
relationship between the depth and the performance of neural network. VGG [30] successfully
constructed the deep layer of 16–19 convolutional neural networks, and it proves that the increase of
the network depth affects the performance of the network to some extent. It was once widely used
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as a backbone feature extraction network for various detection network frameworks [42,56] until the
ResNet was proposed.

As a neural network with more than 100 layers, the ResNet’s biggest innovation lies in that it
solves the problem of network degradation through the introduction of a residual block. The traditional
convolutional network has problems such as information loss during information transmission, and
leads to the disappearance of gradient or gradient explosion, which makes the deep network unable
to train. ResNet passes the input information directly to the output, thus solving this problem to
some extent. It simplifies the difficulty of learning by learning the difference between input and
output, instead of all input characteristics. DenseNet was proposed based on ResNet, but with
considerable improvement.

As shown in Figure 2, the inputs of each layer of DenseNet are the outputs of all previous layers.
The information transmission between different layers of the network is guaranteed to be maximized.
Instead of connecting layers over summation such as the ResNet, the DenseNet connects the features
through concatenating to achieve feature reuse. Meanwhile, a small growth rate is adopted, and the
feature graph of each layer is relatively small; thus, to achieve the same accuracy, the computation
required by DenseNet is only about half that of the ResNet. Therefore, this study chooses DenseNet as
the backbone to extract features.
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refers to Rectified Linear Unit, Conv refers to Convolution.)

For a standard CNN, the output of the layer is the input of the next layer. The ResNet simplifies
the training of the deep network by introducing the residual block, of which the output of the layer is
the sum of the output of the previous layer and its nonlinear transformation. As for a DenseNet, the
input of the l layer is the concatenation of the output characteristic map from 1 to l − 1 layer, and then
makes nonlinear changes, that is:

xl = Kl([x l−1, xl−2, . . . , x1]), (3)

here K is made up of batch normalization, activation functions, convolution and dropout. DenseNet’s
dense connections increase the utilization of features, make the network easier to train, and has the
effect of regularization.

Fully convolutional networks (FCNs) [57,58], as a convolutional neural network, can segment
images at pixel scale; therefore, it solves the problem of semantic segmentation. The classic CNN uses
the fully connected layers after the convolution layer to obtain the feature vector for classification
(fully connected layer + SoftMax output) [59–62]. Unlike the classic CNN, FCN uses deconvolution
to return the reduced feature map to the original size after feature extraction. In this way, while
preserving the spatial information of the input, the output with the same size of the input is gradually
obtained, so as to achieve the purpose of pixel classification. It can accept input images of any size.
Many networks have been proposed for image segmentation after FCN. SegNet [34] was proposed
as an encoder–decoder network which uses the first 13 layers of VGG16 as encoders, and the max
pooling indices as decoders to improve the segmentation resolution. DeepLab v3+ [39] was proposed
in 2018, and it is the latest version of DeepLab series. It uses deep convolutional neural network with
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atrous convolution in the decoder part. Then the Atrous Spatial Pyramid Pooling (ASPP) is used to
introduce multiscale information. Compared with DeepLab v3, v3+ introduces the decoder module,
which further integrates the low-level features and high-level features to improve the accuracy of
segmentation boundary.

2.3.3. Model-Based on DenseNet

Figure 3 shows the architecture of the network we have proposed for water body identification.
Our model is a fully convolutional neural network with the fusion of multiscale features. The model
chooses DenseNet as the backbone for feature extraction. The DenseNet we use contains four dense
blocks. The transition block makes the connection between each dense block. The transition block
consists of a 1 × 1 convolution and a 2 × 2 pooling operation. It can reduce the spatial dimensionality
of feature maps.
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In our network, in order to recover from the input spatial resolution, the upsampling layer is
implemented by the transpose convolution. The feature map of the upsampling is then concatenated
to the feature map from the dense block in the down-sampling process. The batch normalization (BN)
and the Rectified Linear Unit (ReLU) are performed before the convolution of the image.

Our model can input images of arbitrary size during inference. But for the convenience of training,
and to ensure that there is sufficient memory for training, we unified all input images into the size of 224
× 224 pixels. We cut out images of uniform size from GF-1 images, and screened out images containing
both water and non-water as effective training data. At the same time, to ensure that the model can
directly extract useful features from the original data, we did not do any preprocessing of the input
image. We used the Adam optimization algorithm to optimize the weight. Hyperparameters β1 = 0.9
and β2 = 0.999 are selected as recommended by the algorithm. We trained our model in stages with
the initial learning rate λ = 10−4, which was reduced by 10 times after 30 epochs. The initial learning
rate here is the best result from multiple trials. The growth rate of the network is set as 32, weight
decay is 10−4, and the Nesterov momentum is 0.9, which remain the same as the classic DenseNet.
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In order to determine the number of network layers, we experiment with the number of
convolutions in each dense block to find the optimal result. The DenseNet proposed by Huang
et al. [51] designed three network layers for different tasks, i.e., Densenet121, Densenet169 and
Densenet201. In addition to testing the above-mentioned three networks, we also adjust the number of
layers to find the most suitable result for this task. We first halve the convolution layers of first three
dense blocks of DenseNet121, the fourth block is unchanged, which is DenseNet79.

Then we tried to halve the convolution layers of four blocks and it became DenseNet63. We
trained five DenseNets with different network layers to compare which is the best.

In order to make an effective comparison of the results, we use training time as one indicator
to determine which network is faster and more convenient. We use the precision (P), recall (R), F1
score (F1) and mean Intersection over Union (mIoU) to quantitatively measure the performance of
the network, which are all based on the confusion matrix. The same indicators were used to evaluate
the performances of NDWI, VGG, ResNet, SegNet, DeepLab v3+ and DenseNet. As an evaluation
index, the confusion matrix evaluates the performance of a classifier, and it is more accurate for the
identification results of unbalanced categories. The confusion matrix divides the image identification
results into four parts: true positive (TP), true negative (TN), false positive (FP) and false negative
(FN). The specific calculation formula of evaluation index is as follows [63]:

P =
TP

TP + FP
(4)

R =
TP

TP + FN
(5)

Fα =
(1 + α2)P×R
α2(P + R)

(6)

mIoU =
TP

TP + FP + FN
(7)

where P means the precision, and R means the recall. MIoU is the intersection of two sets of ground
truth and predicted results. Precision is the fraction of correctly identified water pixels (TP) among the
predicted water pixels (TP + FP) by the model. Recall is the fraction of correctly identified water pixels
(TP) among the actual water pixels (TP + FN). Since precision and recall are sometimes contradictory,
we further introduce the F1 score to measure the accuracy of a binary model, which simultaneously
takes precision and recall into consideration [64]:

F1 =
2(P + R)

P + R
(8)

The comparison results of five networks are shown in Table 1. The best results of all indicators are
displayed in bold fonts. We can see that with the increase of network layers, the training time also
increases; however, the performance does not become better with layer increase. This may be because
the input samples of the network are not enough, and the characteristics of the water are easier to
identify, so too many layers will not contribute to the results. Among these five networks, DenseNet79
has the best performance in recall, F1 score and mIoU. Its precision is lower than DenseNet169, but the
training time is almost two hours less than DenseNet169. Therefore, DenseNet79 is most suitable for
the task of water recognition in this study.
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Table 1. Comparison of DenseNets with different layers. The optimal value for each metric is shown in
bold. (P refers to Precision; R refers to Recall; F1 refers to F1 score and mIoU refers to mean Intersection
over Union).

Network Time P R F1 mIoU

DenseNet63 15,463 s 0.959 0.900 0.928 0.867
DenseNet79 16,377 s 0.961 0.904 0.931 0.872

DenseNet121 20,611 s 0.957 0.901 0.928 0.866
DenseNet169 24,018 s 0.964 0.896 0.928 0.867
DenseNet201 27,121 s 0.960 0.899 0.929 0.867

To verify the performance of our implementations, VGG, ResNet, SegNet and DeepLab v3+ were
selected to make comparisons. VGG and ResNet were selected, respectively, as representatives of
the neural network with less than 100 layers, and the neural network with more than 100 layers.
SegNet and DeepLab v3+ were selected as representatives of two segmentation network structures:
encoder–decoder structure and Atrous convolution. Also, due to the limitation of computation
resources and the number of training datasets, it is not necessary to use powerful and complicated
networks as our exception, since, as the backbone of DeepLab v3+, we chose MobileNet [65] as the
backbone, which has much less parameter, and can achieve good results on our task in shorter time.

3. Results

To see if the DenseNet is more suitable and efficient than the other methods, we first compare the
result of the proposed network with the ground truth to evaluate its effectiveness in identifying the
water bodies. Then we compare with the results derived from the NDWI index and four other deep
neural networks of VGG, ResNet, SegNet and DeepLab v3+. Finally, we chose the best model and
made a simple analysis of the changes in water areas in Poyang Lake area in winter and summer from
2014 to 2018.

3.1. The Image Preprocessing

The dataset contains GF-1 images from the middle and lower reaches of the Yangtze River basin
in different periods. The corresponding labels were binary classifications of the water–nonwater area
by expert visual interpretation. To improve the efficiency of the model training, we clipped the input
data to 224 × 224 pixels. We have deliberately selected some labels with both land and water bodies as
training samples. Finally, we have selected 5558 water bodies samples. Of these, 4446 images were
used as training sets, while the remaining 1112 images were used as test sets. This data is only used
for model training and quantitative evaluation. Since the samples are cut into small pieces, and the
selection of training set and test set are random, the recognition efficiency of the model on a large
range of images cannot be seen from the existing data. To qualitatively evaluate the performance of
different models in different ground object types, we also applied the model to other GF-1 images in
different periods.

3.2. Water Identification Result of DenseNet

Figure 4 is the recognition result of 12 remote sensing images selected from the validation dataset,
the corresponding ground truths, and the DenseNet result. The sizes of images are all 224 × 224. These
12 images contain water bodies of various shapes and colors, from which the recognition effectiveness
of this model on different water bodies can be understood.
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Figure 4. Result of the water body identifications using the DenseNet model. The figure is divided into
four rows and nine columns, showing the recognition effects in 12 different regions. Column (a), (d), (g)
are the false-color remote sensing images; column (b), (e), (h) are the corresponding ground truths;
column (c), (f), (i) are the corresponding model (DenseNet) recognition results.

It can be seen from Figure 4 that the recognition result of DenseNet is consistent with the ground
truth. Although this model failed to identify some small water bodies, the error areas are generally
very small, and such small errors have little influence on the overall distribution of water bodies, which
can be ignored. In addition, the network can accurately identify the water bodies in different forms
and regions, and accurately separate small rivers in the towns, and even small barriers such as bridges
in the water can be correctly separated. The boundaries between water and land were identified, partly
because of the fine resolution of the GF-1 images, and partly because of the efficiency of the proposed
DenseNet model.

3.3. Working Efficiency of DenseNet, ResNet, VGG, SegNet and DeepLab v3+ Models

Figure 5 shows the training losses of DenseNet, ResNet, VGG, SegNet and DeepLab v3+. In the
convolutional neural networks, the loss function is used to calculate the difference between the output
of the model and the ground truth, so as to better optimize the model. The smaller the loss is, the better
the robustness of the model is. In Figure 5, one epoch represents 1000 iterations. For the initial epochs,
the loss value of VGG is by far the highest, which is two or three times higher than those of ResNet
and DenseNet; and it remains the highest until 30 epochs. The initial loss value of SegNet is close to
VGG, followed by DeepLab v3+. The DenseNet has a higher initial loss value than the ResNet, but
then it declines faster than the ResNet and continues to be lower than the ResNet after five epochs.
The loss of DenseNet maintains the lowest after five epochs, indicating the fastest convergence speed
compared to the other four models.

Table 2 shows the training time of the five networks. Among them, the VGG has the longest
training time. The DeepLab v3+’s training time is the shortest, and DenseNet is next to it. The DenseNet
saves about 80 min compared to the VGG model, about 50 min compared to the ResNet model, and 40
min compared to the SegNet model.
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Table 2. Training time of the DenseNet, ResNet, VGG, SegNet and DeepLab v3+ models.

Network Time

DenseNet 16,377 s
ResNet 19,436 s
VGG 21,471 s

SegNet 19,021 s
DeepLab v3+ 11,924 s

But it takes more than 70 min compared to DeepLab v3+. This indicates that under the same
training environment, the DeepLab v3+ requires the least training time; it is easier to train and use the
lowest resource consumption capacity. The reason why we did not compare the time consumption of
NDWI with these networks is that the NDWI method does not need a lot of time to process, and the
required time can be ignored.

3.4. Comparison of Identification Results

The derived P, R, F1 score and mIoU of the VGG, the ResNet, the DenseNet, the SegNet, the
DeepLab v3+ and the NDWI models are shown in Table 3. All values in the table were calculated by
the prediction results of 1112 images in the test set, and their corresponding ground truth. Given the
limited number of samples, we reported the 95% confidence interval of the metrics to see if the result is
statistically significant. The best result of each indicator is in bold. We can see from the results that all
neural networks’ results are much better than the NDWI index. For each network model, the DenseNet
result, with a narrower interval, appears more stable than the other methods.

Table 3. The derived P, R, F1score and mIoU of the VGG, ResNet, DenseNet, SegNet, DeepLab v3+ and
NDWI models with 95% confidence interval. The optimal value for each metric is shown in bold.

DenseNet ResNet VGG SegNet DeepLab v3+ NDWI

P 0.961 ± 0.011 0.936 ± 0.014 0.914 ± 0.016 0.911 ± 0.017 0.922 ± 0.016 0.702 ± 0.027
R 0.904 ± 0.017 0.902 ± 0.017 0.915 ± 0.016 0.934 ± 0.015 0.917 ± 0.016 0.983 ± 0.007
F1 0.931 ± 0.015 0.919 ± 0.016 0.914 ± 0.016 0.922 ± 0.016 0.919 ± 0.016 0.819 ± 0.023

mIoU 0.872 ± 0.020 0.850 ± 0.021 0.842 ± 0.021 0.856 ± 0.021 0.850 ± 0.021 0.767 ± 0.025

Among six models, the DenseNet appears to have the highest precision of 0.961, meaning that
96.1% of the water bodies are correctly predicted among the predicted water bodies by the model.
The precisions of ResNet, VGG, SegNet and DeepLab v3+ are 0.936, 0.914, 0.911 and 0.922, respectively.
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Such a rank of this precision is as expected, considering the pathway of theoretical improvements of
these deep neural network models. However, the NDWI model based on the spectral bands appears to
have a rather reduced prediction precision, which is only 0.702, although an adaptive threshold from
the Otsu method is employed. Hence, the DenseNet appears to perform the best among the three deep
neural networks regarding prediction precision; particularly, such a neural network, at least in this
case, is by far the better than normally used NDWI method for water body identification in the remote
sensing community.

Among the three deep neural networks, SegNet shows the highest recall value of 0.934. The ResNet
shows the lowest recall, which is 0.902. The DenseNet is only 0.02 higher than ResNet. VGG and
DeepLab v3+ have a recall of 0.915 and 0.917, respectively. The NDWI model shows the highest recall
value of 0.983 among all the six methods, indicating it has successfully identified most of the water
body samples in the training dataset. However, its precision value is the lowest, indicating that there
are still serious ill predictions from this method. As can be seen, the matrices of recall and precision
have given contrary indications of the model performances. To make a comprehensive evaluation of
these two indicators, we investigate the F1 score considering both the precision and the recall values.
We also use mIoU to evaluate the accuracy of model segmentation results. A higher F1 score and mIoU
indicates a better performance. The F1 scores of the DenseNet, ResNet, VGG, SegNet and DeepLab
v3+ models are 0.931, 0.919, 0.914, 0.922 and 0.919, respectively, and the mIoUs of them are 0.872, 0.850,
0.842, 0.856 and 0.850, respectively. We can see from the results that the performance of DenseNet
is better than ResNet, VGG, SegNet and DeepLab v3+. This may be due to the dense connection,
which increases the utilization efficiency of the features. As for the result of DeepLab v3+, the training
efficiency is much better than DenseNet. This is because the backbone of DeepLab v3+ we chose is
MobileNet, which is a lightweight network using the depth-wise separable convolution to reduce the
number of parameters and the amount of calculation. The F1 score and the mIoU of the NDWI index
are as low as 0.819 and 0.767, showing that all the deep neural networks have much better performance
than the traditional NDWI method from a comprehensive viewpoint.

The recalls of DenseNet and ResNet are not very good in these models, meaning that these
networks are not good at capturing all the water areas. Figure 6 shows some examples of this
disadvantage. The third column is the result of DenseNet, and the fourth column is the result of
ResNet; this figure shows that the water area which DenseNet recognized is the smallest in all six
models, and it distributes in small rivers and intertidal zones. Column (h) is the result of NDWI. NDWI
recognized the biggest water area, which is consistent with its highest recall value. However, with the
increase of identified water area, the probability of recognition error is also increasing, meaning that
the precision is more likely to drop with it. To increase the recall value of DenseNet, it may cost a sharp
drop of precision. It has good results of F1 score and mIoU, meaning that the overall performance of
this network is very good. Therefore, we decided not to further optimize the recall of DenseNet.

In order to further understand the performance of each method in different regions, we selected
two GF-1 images of the Poyang Lake during the wet and the dry seasons, respectively, to evaluate the
performance of different models, i.e., 29 July and 31 December 2016. Figure 7 shows the results from
the image on 31 December 2016, when the Poyang Lake basin was dry with a complex distribution of
water area.
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mountain area is depicted with a solid line frame, while the urban area is marked with a dashed line 
frame. In the prediction results of ResNet, many patches in the corresponding region of the 
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Figure 6. Examples of the recognition effect of different models which shows the high false negative
(FN) of DenseNet. (a) False color composite remote sensing image, and water body identification result
by (b) the ground truth, (c) the DenseNet, (d) the ResNet, (e) the VGG, (f) the SegNet, (g) the DeepLab
v3+ and (h) the NDWI models. White color indicates the identified water bodies.
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NDWI method. 

Figure 7. Comparison of the water identification effect of different models in Poyang Lake on 31
December 2016. (a) False color composite remote sensing image, and water body identification result
by (b) the DenseNet, (c) the ResNet, (d) the VGG, (e) the SegNet, (f) the DeepLab v3+ and (g) the
NDWI models. White color indicates the identified water bodies, solid line depicts mountain area,
dashed line depicts urban area.

In the false-color image, the blue area is mostly water body, and the red area is mostly vegetated.
The other colored areas include bare land, buildings and other nonwater areas. The mountain area
is depicted with a solid line frame, while the urban area is marked with a dashed line frame. In the
prediction results of ResNet, many patches in the corresponding region of the mountains are predicted
to be water bodies, which proves that the ResNet model is prone to confuse mountain shadows with
water. In the same regions, the VGG and SegNet models have also falsely identified some mountain
shadow areas as water bodies. DeepLab v3+ has not confused the mountain shadow with a water
body, but the boundary of water area it extracted was not as concise as the other methods. The main
water body was correctly identified by the NDWI models, which are however much larger than the
actual water bodies, and the NDWI model has also identified too many fine patches. The NDWI
result also had false detection of the mountain shadows, which is larger than those from the ResNet
model, but smaller than those from the VGG model. Other than the mountain shadow, the biggest
problem with the NDWI result is that it falsely identified some bare land and urban construction areas
as water bodies. The DenseNet model has successfully identified the small rivers and lakes from the
GF-1 image, and the mountain shadows and water bodies are successfully separated. In general, these
five deep neural networks have consistently identified the large water bodies in winter, although the
ResNet and the VGG models show a false identification of mountain shadows. These neural networks
have performed much better than the traditionally used NDWI water body index.
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Figure 8 shows the identified water bodies from the GF-1 image on 29 July 2016. In the false-color
image, the white area in the dotted line indicates the cloud, and the dashed line depicts the urban area.
In summer, the Poyang Lake is in a season with abundant water, and its water area reaches its peak
within a year. It is found that the VGG, SegNet and DeepLab v3+ models have falsely identified the
cloud as water bodies, and the DenseNet also has a small amount of false identification. We can see
that the NDWI index can better identify the bulk of the water body, but there is much noise in the
boundary areas; besides, it has falsely identified the urban buildings, bare ground and most clouds as
water bodies. It is the ResNet model that completely distinguishes between the cloud and the water
bodies, which however has some false identification of some water bodies. As for the DenseNet result,
it shows a relatively accurate identification of water bodies with clear boundary separation for the
transitional areas between land and water. The DenseNet method partially falsely identified cloud as
water bodies, but it has filtered out most of it compared to the NDWI result.Remote Sens. 2020, 12, x FOR PEER REVIEW 14 of 20 
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Figure 9. The spatial variations of water area in summer and winter of 2014–2018 in Poyang Lake 
area based on DenseNet. The first row shows the lake areas in summer and the second row shows 
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Figure 8. Comparison of water identification effect in Poyang Lake on 29 July 2016. (a) False color
composite remote sensing image, and water body identification result by (b) the DenseNet, (c) the
ResNet, (d) the VGG, (e) the SegNet, (f) the DeepLab v3+ and (g) the NDWI models. White color
indicates the identified water bodies, dashed line depicts urban area, dotted line depicts cloud area.

Therefore, for the image of 29 July 2016, these five deep networks have their advantages and
disadvantages for the water body identification, but overall show better performances than the
NDWI method.

3.5. Interannual Variations of the Water Areas

It can be concluded from the above results that the DenseNet model we proposed has higher
accuracy, and can be used for water body identification. Therefore, we have used this model to
understand the interannual changes of water areas of Poyang Lake. Since GF-1 was successfully
launched in late 2013, we could only study the water area changes from 2014 to 2018. The water areas
of Poyang Lake change significantly among seasons, and there is a huge difference between the wet
and the dry seasons. The first row of Figure 9 shows the spatial distribution of Poyang Lake in summer
from 2014 to 2018. The water area in 2016 was the largest, when there was a flooding disaster event
in the Yangtze River basin, and the area in 2018 was the smallest when there was a summer drought
due to the reduced precipitation. The second row shows the lake areas in winter. The water areas of
Poyang Lake decrease sharply in winter, and the main lake body shrinks to only tributaries and smaller
lakes. The disappearance of Poyang Lake is mainly concentrated in the central and southern parts of
the lake, leaving only a small part of the water body in the north and northeast. This is principally due
to the climatic conditions but is also partly related to the topography, the Yangtze River runoff and the
three gorges dam [66,67].
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Figure 9. The spatial variations of water area in summer and winter of 2014–2018 in Poyang Lake area
based on DenseNet. The first row shows the lake areas in summer and the second row shows those in
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Figure 10 shows the interannual variations of water areas of the Poyang Lake in summer and
winter respectively, which were derived from GF-1 images from 2014 to 2018 based on the DenseNet
model. The water areas in summer season are generally much larger than those in winter; this is not
surprising, because summer is the rainy season in the Poyang Lake basin. The difference in the lake
areas in winter and summer is about 2000 km2 on average. The water area in 2014 summer is about
5200 km2 and that in winter is about 3200 km2. In 2015, the water areas in summer and winter are
equivalent, amounting to about 4300 km2; this is because of the increased winter precipitation and
reduced summer precipitation contrasting to the normal years. In 2016, the water area in winter is
about 3250 km2 and that doubles in summer, reaching 7000 km2 due to a severe flooding. It appears
clearly that the water areas in summer are decreasing rapidly from 2016 on; however, those in winter
show relatively small changes.
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4. Discussion

It can be seen from the above results that the performance of a traditionally used water index
method is not satisfying, especially in urban areas. This indicates the common problems of water index
which are, at least partly, based on thresholds: the thresholds change largely with time and space; the
determination of threshold is highly subjective and contains a lot of background information [20,52].
The biggest advantage of NDWI lies in that it is simple and can generate a water map in a very
short time. The proposed DenseNet-based water identification method can extract water bodies from
the GF-1 images with high accuracy, but it needs hours of training time. However, considering the
improvement it has made in recognition accuracy, and once the network is trained, the time to use this
network is comparable to NDWI.

So, this network is still a better tool compared to the water index method. Meanwhile, the
comparison of the proposed method with other four neural networks shows that it is a more powerful
tool for water body recognition.

There are more and more studies using the deep convolution neural network to classify remote
sensing images [68]. Our results have approved that, for big remote sensing data like GF-1 images
with high spatial and temporal resolutions, the deep learning method can be used to extract water
bodies with accurate results efficiently. It can be seen from water area changes in the recent years that
the derived water areas from the deep learning method can well reflect the local drought or flooding
conditions. Therefore, using the proposed method, the changes of water bodies, such as river and
lakes, and wetland as well, can be timely and effectively monitored [69].

The algorithm proposed in this study shows a certain deviation in distinguishing water bodies
and clouds, which can be further improved by modifying the model structure and parameters. Also,
the cloud area can be removed using image preprocessing to avoid such misjudgment. In this study,
we did not preprocess to remove the cloud, such that the original information of the input images are
kept. In addition, we use the cloud as one of the indicators to evaluate the effect of water recognition
algorithm. When a flooding event occurs, the cloud is always a barrier for water body monitoring with
optical remote sensing image. In such a case, the identification results can be improved by removing
clouds first or adding samples containing clouds. For cloud removal, it is a solution to integrate optical
with microwave remote sensing images. The deficiency of optical remote sensing can be made up by
combining with the advantage of microwave remote sensing to penetrate clouds and fog [70,71].

5. Conclusions

This study presents a new multidimensional, densely connected, convolutional network for water
identification from high spatial resolution multispectral remote sensing images. It uses DenseNet
as the feature extraction network to carry out image downs-sampling, then uses trans-convolution
for image upsampling. On this basis, multiscale fusion is added to fuse features of different scales
in the down-sampling process into the upsampling process. Compared with the traditionally used
water index method, the deep convolutional neural network does not need to find the index threshold,
leading to reduced errors, and thus higher accuracy. Meantime, comparing the proposed DenseNet
with other networks of ResNet, VGG, SegNet and DeepLab v3+, this DenseNet method requires less
training time and has the fastest convergence speed besides DeepLab v3+. The overall performance
of DenseNet is still much better. We also added a 95% confidence interval to the evaluation results
to reduce the uncertainty caused by the limited samples. The results from the GF-1 images show
that, even though DenseNet cannot identify all of the water areas, but it can identify water with great
precision, and has much better performance in identifying the boundary between land and water, and
can better distinguish the mountain shadows, towns and bare land. Its performance is also better in
terms of distinguishing the cloud. Furthermore, the proposed deep learning approach can be easily
generalized to an automatic program.
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