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Abstract: Class imbalance is a key issue for the application of deep learning for remote sensing image
classification because a model generated by imbalanced samples training has low classification accuracy
for minority classes. In this study, an accurate classification approach using the multistage sampling
method and deep neural networks was proposed to classify imbalanced data. We first balance samples by
multistage sampling to obtain the training sets. Then, a state-of-the-art model is adopted by combining the
advantages of atrous spatial pyramid pooling (ASPP) and Encoder-Decoder for pixel-wise classification,
which are two different types of fully convolutional networks (FCNs) that can obtain contextual
information of multiple levels in the Encoder stage. The details and spatial dimensions of targets
are restored using such information during the Decoder stage. We employ four deep learning-based
classification algorithms (basic FCN, FCN-8S, ASPP, and Encoder-Decoder with ASPP of our approach)
on multistage training sets (original, MUS1, and MUS2) of WorldView-3 images in southeastern
Qinghai-Tibet Plateau and GF-2 images in northeastern Beijing for comparison. The experiments show
that, compared with existing sets (original, MUS1, and identical) and existing method (cost weighting),
the MUS2 training set of multistage sampling significantly enhance the classification performance for
minority classes. Our approach shows distinct advantages for imbalanced data.
Keywords: high-resolution remote sensing image; classification; deep learning; imbalanced data;
multistage sampling; ASPP; encoder-decoder

1. Introduction
Remote sensing technology is an important method of monitoring land cover changes and has
been widely used in various fields, including environmental monitoring, urban planning, and military
reconnaissance [1–4]. High-resolution (2 m spatial resolution and higher) remote sensing images can
provide more details about the ground objects than low -spatial -resolution (10–30 m) images, as well
as a higher diversity of ground targets and complexity of their spatial-temporal distribution.
Traditional classification methods used for low -spatial -resolution images can be divided into unsupervised
classification methods, such as k-means [5] and ISODATA [6], and supervised classification methods, such as
the maximum likelihood method [7], artificial neural networks [8], support vector machines [9], and random
forests [10]. In these methods, pixels are the basic unit of classification, spectral features of representative
ground objects are extracted from images, and the similarity of the spectral features are used to determine the
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classes. Classification accuracy may be low because objects made from the same or similar materials cannot be
adequately distinguished using spectral features [11]. Object-oriented image classification methods focus on
the objects generated by image segmentation, and both spectral features and spatial features are considered in
the classification. Object-oriented image classification methods are not subject to the deficiencies of pixel-level
classification methods, and have been widely applied in high-resolution image classification [12,13].
The complexity of surface targets in remote sensing images and the influence of multiple factors
(noise, season, sunlight, and human activity) pose tremendous difficulties for high-resolution image
classification. It is still difficult to obtain accurate classification, even using object-oriented classification
methods [14]. Excellent feature expression is crucial for ensuring the accuracy of classification
algorithms, but feature extraction is primarily performed manually and often depends on experience.
Sebastian [15] discussed and analyzed selection of classification models subject to the conditions of the
dataset, expectation result, and hardware condition. From the perspective of application, our goal
is image classification with large areas that have uneven distribution of ground objects distribution,
and we have ready-made images and corresponding ground truth labels. Automatic and accurate
intelligent classification is of greater practical value, with respect to object-oriented image classification
methods with support vector machines (SVM) classifier that extract effective features.
Deep learning achieved state-of-the-art performance in natural image semantic segmentation, and it
has been widely used in intelligent analysis [16,17]. Therefore, deep-learning-based high-resolution remote
sensing image classification is of great significance because of the large amount of information in these
images [18]. The convolutional neural network (CNN) developed by LeCun et al. [19] was the first learning
algorithm with a truly multilayered structure. The network structure can be optimized by making full
use of the locality of the data based on local sensing, weight sharing, and spatial pooling. Displacement
and deformation invariance are also ensured to some extent. Therefore, it exhibits a higher classification
accuracy with a lower error rate than traditional image classification methods [20,21]. The two-dimensional
image structure is not preserved by CNNs because one image output corresponds to only one class
label. However, the output of a dense class map is usually required for high-resolution remote sensing
image classification, and the class label distribution of class map must correspond to the pixels. In the
fully convolutional network (FCN) proposed by Long et al. [22], the two-dimensional image structure is
maintained by replacing the last several fully connected layers in the standard CNN with convolutional
layers. In addition, images of any sizes can be the input, and the one-to-one correspondence between
predicted class labels and original pixel elements is established, thereby realizing pixel-level classification.
To address pixel-level dense image prediction, Yu [23] developed a new atrous convolution network
module that was able to systematically gather multiscale contextual information without losing resolution.
In a study by Zheng et al. [24], end-to-end classification was implemented by embedding the solution
process of conditional random fields (CRFs) into a recurrent neural network (RNN) model during training.
A deepLab framework of atrous convolution with post -processing by CRF was proposed by Chen et al. [25].
The receptive field could be expanded by atrous convolution when the calculated amount remained
unchanged. The edge of the classification result was strengthened by the CRF. Later in 2017, the same
group proposed atrous spatial pyramid pooling (ASPP) [26,27] where the output features were combined
through multiple parallel atrous convolutions of various sampling rates integrating multiscale information.
Furthermore, a Decoder module was added, and the multiscale features from the Encoder stage were used
in the Decoder stage to restore the spatial resolution [28]. With ASPP, the classification result could be
improved without optimization by CRF post-processing [29].
Deep learning has achieved high accuracy in high-resolution remote sensing image classification [30].
Volpi [31] presented a CNN-based system relying on a downsample-upsample architecture, which could
learn to densely label every pixel at the original resolution of the image. Lagkvist et al. [32] applied a CNN
to the multispectral orthorectified imaging and digital surface model (DSM) of small-sized cities to realize
complete, rapid, and accurate pixel-level classification. Compared with other pixel-level classification
methods, this method was more accurate. Fu et al. [14] designed a multi-scale network architecture
with a high classification accuracy of 81% by adding a skip-layer structure to the multi-resolution image
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classification of GF-2 images and IKONOS true color images. A CNN model pretrained on ImageNet was
developed by Marmanis [33] to address other, different classification issues. The overall accuracy of this
model on the UC Merced Land Use benchmark [34] was increased to 92.4%. Maggiori et al. [35] proposed
an end-to-end framework for the dense pixel-wise classification of large-scale remote sensing images
with CNNs, which provides fine-grained classification maps by taking a large amount of contextual
information into account. Kampffmeyer et al. [36] combined the variants of two neural networks based
on the deep learning network model, and the classification performance was improved for small-objects.
Kussul [37] described a CNN architecture that outperformed the existing methods. It included an ensemble
of multilayer perceptrons (MLPs) and a random forest (RF) classifier with accuracy levels of more than 85%
for all major crops. Wang et al. [38] proposed an efficient model by combining ASPP and Decoder for dense
semantics on the Potsdam and Vaihingen datasets. Compared with DeepLab_v3+, the model gains 0.4%
and 0.6% improvements in overall accuracy on the two datasets respectively.
The Qinghai-Tibet Plateau is mainly a depopulated region characterized by great variability in
ground object areas, complex shapes, uneven distributions of ground objects, and small sizes of targets.
It may lead to pixel scales of different ground object classes on the high-resolution remote sensing
images differing widely. We created Worldview-3 image labeling dataset, and the imbalanced data
were used for classification with deep neural networks. A severe imbalance of training samples may
emerge in deep learning network models during the training process. The weight of each pixel is
considered uniformly distributed by the default in the loss function of the CNN, biased training models
may exist in the majority classes with larger proportions in the image, and the minority classes with
smaller proportions may also be neglected. This finally results in a poor performance of minority
classes in classifying targets, and it causes diminished accuracy for new data [39].
Solutions to sample imbalance primarily include modifying the classifier algorithm and changing the
sample set [40,41]. The former is performed by strengthening the ability of the algorithm to learn minority
classes. By the comparative study of two approaches for unmanned aerial vehicle (UAV) emergency landing
site surface type estimation by Ayhan [42], it is concluded that SVM is less sensitive to imbalanced data.
At the same time, the excellent feature expression is crucial for ensuring the accuracy of SVM classifier,
which needs manually performed extraction and often depends on experience. A commonly used method
is cost-sensitive learning. Cost-sensitive methods assign different misclassification costs for different classes,
generally a high cost for the minority class and a low cost for the majority class [43]. Weights of the minority
classes are increased by loss weighting. To change the sample set, minority classes are emphasized through
random sampling to balance the distribution of various target classes in the sample sets [44], including
random over-sampling [45], random under-sampling [46], and hybrid sampling combining the previous
two. Galar et al. [47] studied cost-sensitive methods and sampling techniques of the ensemble classifier
in binary classification problems, and the results indicated that random under-sampling with ensemble
classifier improved the classification performance. The adaptive synthetic (ADASYN) sampling approach for
learning from imbalanced datasets proposed by He and Garcia [48] enhanced the accuracy and robustness
of learning. A new inverse under-sampling (IRUS) method was developed by Tahir [49], which enhanced
the classification performance for 22 UCI datasets. These methods for handling sample imbalance have
been widely used in machine-learning classification [50–53].
To overcome the data imbalance in the southeastern Qinghai-Tibet Plateau, an improved pixel-level
high-resolution remote sensing image classification approach was proposed in this study. Training sample
sets with more balanced distribution were obtained from the Worldview-3 image labeling dataset by means
of multistage sampling. In this study, we defined and investigated two sampling distribution models that
(i) are more of a combinatorial nature and easier to compute, and (ii) have solid theoretical justifications,
and, hence, a closely approximate contribution to training of the samples including MUS1 and MUS2.
Both the training and testing sets were input into the network model Encoder-Decoder with ASPP for
training and prediction based on the process presented by Chen [29]. We also adopted the same approach
on GF-2 high-resolution remote sensing images of northeastern Beijing for classification to test the validation.
The GF-2 dataset presented significantly imbalanced distribution of samples over urban area.
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The comparison process was carried out in two parts: (1) comparing the classification accuracies
of object-oriented approach (MF-SVM) and four deep-learning-based end-to-end classification network
models (basic FCN, FCN-8S, ASPP, and the proposed Encoder-Decoder with ASPP) in the context of
different proportional distributions of training samples (original, MUS1, and MUS2) in the study area
and evaluating their classification performance; (2) comparing the influence of our approach and existing
approaches on the final classification result. For imbalanced data, the result shows that our approach with
MUS2 set achieves higher overall accuracy and improves the classification accuracy for minority class.
The remainder of this paper is organized as follows. Section 2 gives an overview of methods
to address the problem of high-resolution remote sensing imagery classification of imbalanced data.
In Section 3 we describe the experimental setup and results. It provides details about imbalanced
datasets, sampling methods, and metrics used for evaluation. Section 4 is the discussion of our method.
Finally, Section 5 concludes the whole study.
2. Methods
Image classification for imbalanced data was divided into three stages: data preparation, training,
and classification (Figure 1). In the data-preparation stage (Figure 1a), the image data and labeled
data, with pixel-class correspondence, were first processed to generate small patches that contain
potential ground objects by using superpixel segmentation. Then, multistage sampling was carried
out to ensure that the sample proportions of various classes were relatively balanced. The multistage
sampling proceeds in two stages called MUS1 and MUS2, representing two totally different sampling
ratios between samples of all the classes.
In the training stage, image and label data of the MUS1 and MUS2 datasets were input to the
network of Encoder-Decoder with ASPP [29] as training samples, respectively (Figure 1b). The output of
the network was the predicted class distribution. Cross entropy between the predicted class labels and
ground truth (GT) labels was calculated and back-propagated through the network using the chain rule,
and then stochastic gradient descent (SGD) with momentum was used to update network parameters.
The test image data were put into the trained network model Encoder-Decoder with ASPP to
generate the classification result in the classification stage (Figure 1c).

Figure 1. Workflow of our approach.
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In the following sections, we present data-segmentation processing using a superpixel algorithm,
the proposed multistage sampling method including two sampling ratios between samples from all
classes, and explain the use of Encoder-Decoder with ASPP network for pixel-level classification image
classification. Weighting loss to address the imbalance of training dataset is finally introduced.
2.1. Data Segmentation
A simple linear iterative clustering (SLIC) algorithm was used for the superpixel segmentation of
the images and corresponding label data, thereby generating a complete object, on the basis of which
an intact image was segmented into small image blocks to establish the sample dataset (Figure 2).
Initially, the gradient values of all the pixels in the neighborhood were calculated, and the seed points
were moved to the locations with the smallest gradients. Each pixel was allocated with a class label
(indicating the cluster center it belonged to) in the neighborhood of each seed point. The search range
of the SLIC was confined to 2S × 2S. The distance measurement primarily included color and spatial
distances. The distances between each pixel of the search and seed point were calculated using the
following equations:
r
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where dc and ds are color and spatial distances, respectively, and Ns is the intra-class maximum spatial
√
distance that was applied to every cluster, denoted as Ns = S = N/K. The maximum color distance
Nc varied in different images and clusters. Therefore, a constant m ([1,40]; usually set to 10) was used
as a substitute. The distance D0 could be calculated by
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Because every pixel could be searched by multiple seed points, the seed point with the minimum
distance to the pixel was taken as the cluster center of the pixel.

Figure 2. (a) The original image; (b) The segmented image after superpixel segmentation.
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2.2. Sampling
2.2.1. Hybrid Sampling
Random over-sampling (Figure 3a) increases the number of samples in minority classes by
replicating and generating new samples so that the number matches the majority classes. Here, data
augmentation techniques were applied in the data space of minority classes to obtain new samples from
existing data. Specifically, new samples were generated by means of translation, rotation, mirroring,
scaling, and spatial switching of the color, as well as by adding disturbances. Over-sampling should be
applied to the level that completely eliminates the imbalance. It undertakes a balancing of the training
dataset by simply reproducing samples from minority classes. However, having replicated similar
samples may cause the problem of overfitting especially for minority classes as new samples do not
expand the borders of the decision area [54]. As we repeat a small number of samples multiple times,
the trained model fits them too well. In addition, both the computational complexity and cost are
also increasing.
A more advanced sampling method proposed by Chawla that aims to overcome overfitting is
synthetic minority oversampling technique (SMOTE) [55]. It creates synthetic minority class examples
by interpolating neighboring data points, instead of replicating samples from these classes. Synthetic
samples are generated by considering the over-sampling index (the k nearest neighbors) from the same
minority class, and interpolating new samples somewhere along the connecting lines between them.
SMOTE over-sampling provides more related minority class samples for training, thus strengthening
the ability of the classifier to learn minority classes. The existing over-sampling methods based on
SMOTE may achieve slightly better than the original one. One of the reasons is that when SMOTE is
applied to an extremely skewed dataset, examples generated far from the borderline may contribute
little to classification, and its empty feature space is too huge to estimate proper borderlines between
classes for classification algorithms.
Under-sampling involves randomly selecting only some of the samples from each majority class
to match the minority classes, which reduces the size and training time to some extent, but may
cause information loss. Under-sampling showed a generally poor performance. In a large number
of analyzed scenarios, under sampling showed decrease in performance as compared to the original
dataset [39]. Considering that the final classification accuracy might be affected by the samples from
different parts of majority classes, especially those with similar features, random under-sampling
(Figure 3b) was used in this study. Instead of discarding a fraction of the samples at random, a rule
was set to divide the data into batches. Samples were randomly selected from each batch of data and
included in the sample set.

Figure 3. Random (a) over-sampling (b) under-sampling.
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For an extreme ratio of imbalance and large portion of classes being minority ones, under-sampling
performs on a par with over-sampling. If training time is an issue, under-sampling is a better choice in
such a scenario, because it dramatically reduces the size of the training set. Importantly, we focused on
methods that are widely used and relatively feasible to implement as our aim is to draw conclusions that
will be practical and serve as guidance to a large number of deep learning researchers and engineers.
Based on our review of the literature [54], in order to avoid the common problems of applying
under-sampling and over-sampling separately, hybrid sampling (combination of random over- and
under-sampling) is also considered with the purpose of improving the classification performance.
For the condition of skewed data, we have gradually decreased the imbalance with hybrid sampling
in terms of performance and generalization. Minority class enhancement was used to balance the
distribution of training data and reduce the bias of the classifier towards the majority classes.
Even though the datasets were significantly imbalanced, identical sampling can simply rebalance
the datasets by taking constant numbers of samples from different classes using hybrid sampling.
An example of an identical sampling dataset with 5 classes was presented in Figure 4a. Figure 4a
also showed the sample proportions for the other three sampling schema (random under-sampling,
random over-sampling, and SMOTE over-sampling) for the same dataset.

Figure 4. Example proportional distribution of five sampling schema. (a) sampling method including
random under-sampling, random over-sampling, synthetic minority oversampling technique (SMOTE)
over-sampling
and identical sampling
dataset with five classes, (b) multistage sampling dataset MUS1


µmaj = 0.2, µmin = 0.8, α = 6 and (c) multistage sampling dataset MUS2 (ρ = 10).

However, the number of samples from different classes being equal did not always correspond to
the optimal results (especially when the class ratio of the minority: majority was extremely skewed) [44].
Therefore, different imbalance ratios between samples of all the classes were considered in the hybrid
sampling method.
2.2.2. Multistage Sampling
Different balance ratios between samples from all classes should be taken into account in order
to achieve the optimal outcome, while little systematic analysis of hybrid sampling to deal with the
deep-learning model is available. In our method for extreme ratios of imbalanced data, we investigated
the impact of distribution of samples over different object classes on classification performance of deep
neural networks in analytical and quantitative depth, and used hybrid sampling to obtain the optimal
sampling ratios between samples of all the classes.
In most multiclass classification of imbalanced data with extreme ratios, only one or two classes might
be under-represented or over-represented of original labeling dataset. In this study, we perform multistage
sampling on high spatial resolution remote sensing imagery with Multiclass. This is an approach that
combines multiple sampling techniques from one or both of the abovementioned categories.
The increasing ratio of examples between majority and minority classes as well as the number of
minority classes had a negative effect on performance of the resulting classifiers [39]. We define two
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stages of hybrid sampling that effectively relieve severe imbalance of training samples, which is the
key issue of a wider range of remote sensing satellite imbalanced data.
The first stage of the sampling dataset is MUS1. In the MUS1 set, the sample proportions are
equal within minority classes and equal within majority classes by hybrid sampling, and then other
classes between the majority and minority do not exist. We apply three expressions to characterize
our method.

i ∈ {1, · · · , N} : Ci is minority
µmin =
(5)
N

i ∈ {1, · · · , N} : Ci is ma jority
µmaj =
(6)
N
α=

ma ji {|Ci |}
mini {|Ci |}

(7)

where N is the total number of classes, and Ci is a set of the examples in class i. The other parameter α is
a ratio between the sample proportion in majority classes and the sample proportion in minority classes.
An example of the MUS1 dataset with a total of five classes, where the parameter α = 6 and µmaj =
0.2, and, more classes being of minority type, µmin = 0.8 was presented in Figure 4b.
After the first stage, the second stage is applied to obtain the MUS2 dataset that has smaller
imbalance ratio. We repeat the hybrid sampling process to make the sample proportions in the multiple
classes able to be interpolated linearly. The difference between consecutive pairs of classes is of constant
order by the value of sample proportion. The constant ρ was defined by the following equation, and we
used it in MUS2 as listed.
ma ji {|Ci |} − mini {|Ci |}
ρ=
(8)
N−1
Which is an example of the MUS2 dataset with four classes, when ρ = 10. Figure 4c showed the
sample proportion distribution.
2.3. Network Architecture
2.3.1. Fully Convolutional Network
There were several convolutional layers before each down-sampling layer in the FCN. The last
layer of the output image was the feature image with three different methods of feature fusion. In the
prediction layer, the method for up sampling stride 32 of the conv7 feature map was named FCN-32s
(Basic FCN). FCN-16s is a process in which the feature map in the last layer is up sampled of factor
2 and the result is fused with the pool4 feature map and upsampled by a factor 16. In the FCN-8s
method, the feature image of FCN-16s is upsampled by a factor 2; the result is fused with pool3 feature
map and then up samples of factor 8 [22]. High resolution shallow features that contained detail
information were obtained by the front and middle parts of the FCN model. With the deepening of
the network, the back part obtained abstract semantic features and interpreted the semantic meaning
of each pixel. There were five 2 × 2 down-sampling layers in the FCN. The resolution of an image
decreased as it passed through the downsampling layers. Thus, the feature image output from the
convolutional layer at the bottom appeared with low resolutions and no clear detail features. If the
feature images received FCN-32s directly, the prediction accuracy of some image details would not
be high enough; there would also be high edge roughness. With FCN-8s, the location information
could be more accurately determined by means of the information in the third and fourth layers of the
visual geometry group (VGG) model. The structural diagrams of the different methods were shown
in Figure 5.
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Figure 5. Fully convolutional network model.

2.3.2. Atrous Convolution for Dense Feature Extraction
Atrous convolution significantly increases the density of the convolutional features. For a given
one-dimensional input signal x[i], the size of the convolution kernel is w, and the output of the atrous
convolution is y[i], the density can be calculated as follows:
y[i] =

K
X

x[i + r·k]w[k]

(9)

k =1

where r is the proportion parameter of the atrous convolution that represents the interval of the
convolution operation. The convolution is standard when r = 1. Atrous convolution can play a role
in increasing the density of the feature image. As shown in Figure 6, the original images are first
downsampled by 1/2 in the simulation of the standard convolution (the red path in Figure 6). Next,
the downsampling result underwent a 10 × 10 standard convolution, which was used to simulate the
effect of the convolution-pooled sampling in the CNN model. The output feature image was correlated
with only 1/4 of the pixel positions of the original image. As a comparison, the atrous convolution
(the blue path in Figure 6) was conducted directly on the standard convolution kernel with r = 2 for the
original image. The output feature image was correlated with 1/2 of the pixel positions of the original
image. With the receptive field kept unchanged, the density of the feature image generated tripled.
Compared with the standard convolution, feature images of different resolutions could be generated
using the atrous convolution without increasing the number of variables and changing the perceptive
field. Furthermore, the perceptive field could be expanded without sacrificing the resolution of the
feature space, thereby ensuring the accuracy of the output predictive label map of the CNN.
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Figure 6. Diagram of high-density features using atrous convolution.

2.3.3. Atrous Spatial Pyramid Pooling (ASPP)
The last block in the ResNet network (i.e., block 4 of ResNet) is replicated in parallel by ASPP
network. There were three 3 × 3 convolutions in each block. Except for the last block, all the other blocks
have a convolution stride of 2, and the convolution applies different atrous rates. Following block 4,
the final feature image is generated using four parallel atrous convolutions (one 1 × 1 convolution and
three 3 × 3 convolutions at expansion rates of 6, 12, and 18). Global average pooling is applied to the
feature image to include global contextual information into the model and generate a 1 × 1 convolution
kernel with 256 filters. Finally, the features are elevated to a required spatial dimension by means of
bilinear interpolation. The network structure is shown in Figure 7.

Figure 7. Network structure of atrous spatial pyramid pooling (ASPP).

The advantage of ASPP was the different sampling rates of the atrous convolutions. Resolution
loss could be reduced without increasing the numbers of parameters and amount calculation [26].
This architecture can extract multi-scale features. The ability to extract dense features was strengthened
using the atrous convolution. Due to pooling layers and convolutional layer with stride, this method
may cause severe loss of boundary information of segmentation targets.
2.3.4. Encoder-Decoder with ASPP
The last feature layer of the ASPP model that contained 256 channels and rich semantic information
was taken as the encoder output by the Encoder-Decoder with ASPP. In the decoder, the encoder
features are first bilinearly upsampled by a factor of 4, F1, was fused with F2, the result of 1 × 1
convolution (to reduce the number of channels to 48) of the low-level features extracted from the
encoder with the same spatial resolution as F1 (the second convolution of block 2). The fusion result,
F3, underwent a routine fine-tuned 3 × 3 convolution, followed by another simple bilinear upsampling
by a factor of 4 to obtain the segmentation result (Figure 8).
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Figure 8. Network structure of Encoder-Decoder with ASPP.

Cross-entropy loss was used as the loss function of the model:
C=−

X
i

X
ezi
Wij Xij + b)
yi ln ai (ai = P z , zi =
ke k

(10)

j

where wij , b, zi , and yi are the jth weight of the ith neuron, bias, ith output of the network, and actual
classification result, respectively; ai is the output value of softmax, which corresponded to the prediction
value of each pixel; and yi was the true classification result, which was the label value of the pixel point.
Dropout was added during training to randomly deactivate some hidden-layer nodes during training
to reduce the number of iterating parameters during training and prevent overfitting.
During model training, parameter updating was conducted using stochastic gradient descent (SGD):
W (n+1) = W (n) − ∆W (n+1)

(11)

where W (n) and W (n+1) are the original and updated parameters, respectively; ∆W (n+1) is the
parameter increment in the current iteration, which is the combination of the original parameter,
gradient, and historical increment:
∆W (n+1) = η· dw ·W (n) +

∂J (W )
∂W (n)

!

+ m ·∆W (n)

(12)

where J (W ) is the cost function; η is the preset learning-rate parameter used to control the iteration
step length; and dw and m are the parameters of the weight decay and momentum, respectively.
2.4. Weighting Loss
The sample data imbalance was mitigated using the sampling strategy and weighting. The loss
function is a necessary component in the deep-learning model to calculate the deviation value between
the prediction and ground truth and optimize the parameters through back-propagation [38]. Unlike
the sampling strategy used to resample the original dataset and input it into the model for training
as samples during the training preparation, weighting loss assigns different cost to misclassification
of samples from different classes. During our weighting, the weights of the minority classes were
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increased by redefining the loss function of the network model. Finally, we can train the networks
instead of standard loss function.
C=−

X
i

X
ezi
Wij Xij + b)
Li yi ln ai (ai = P z , zi =
ke k

(13)

j

In weighting the loss function, we assign weights of Li to the minority classes, majority classes,
and other classes separately according to the information, such as the sample proportion and the
confusion matrix of the classification result, which were obtained by the previous experiments.
3. Experiment and Comparison
3.1. Imbalanced Datasets
Mangkam County, Changdu, Tibet Autonomous Region is located at the southeastern Qinghai-Tibet
Plateau. It is an area with complex landforms and geologic structures (Figure 9), frequent geological
disasters, and a harsh environment. Thus, the details of the land change cannot be monitored by short-range
unmanned aerial vehicles or humans. Consequently, obtaining ground surface information by means
of high-resolution satellite remote sensing has almost become the only option. Moreover, there are few
concentrated buildings and a wide distribution of depopulated zones. Proportions of class objects differ
significantly from each other in high-resolution remote sensing images, from roads and built-up areas that
occupy dozens of pixels to large-area bare land and forest that occupy thousands of pixels.

Figure 9. (a) Study area with WorldView-3 data. (b) Average Slope Map of study area. (c) Hillshade
Map of study area.

The input data were WorldView-3 satellite images, including panchromatic images with a 0.31 m
spatial resolution and 8-band multispectral imagery with a resolution of 1.24 m. With an area of 396
km2 , the study area primarily covered a 5 km-long strip centered on the G318 and G214 national
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highways, where there were intensive human activities. The images used received fusion, color
correction, mosaics, and geometric correction.
The datasets were labeled into the following five classes: building, forest, water, road, and bare
land. 518 samples (size 3201 × 3201) were labeled manually pixel-by-pixel, each of which corresponded
to labeled data annotated at the pixel level (Figure 10). Invalid samples with poor qualities due to
black edges, clouds, and shadows were manually deleted, resulting in 300 pairs of valid experimental
data, 296 pairs of which were used for sampling and the remaining four for testing.

Figure 10. Labeled data corresponding to Mangkam training dataset.

In this study, 296 image-label pairs (size 3200 × 3200) were superpixel-segmented to obtain the
WorldView-3 image labeling dataset with images of size 512 × 512. The original dataset is composed of
6435 image-label pairs, and the spatial resolution is 1.24 m
As shown in Figure 11, over 90% of the samples were distributed in forest and bare land, while the
total proportion of the remaining three classes was smaller than 3% in this sample set. The proportions
of roads (0.36%) and buildings (0.51%) were low, suggesting that there was a significant imbalance in
the proportions of different classes.

Figure 11. Sample proportion (%) of different classes in original and multistage sampling of Mangkam
(MUS1, MUS2).

Remote Sens. 2019, 11, 2523

14 of 25

Moreover, other training dataset is collected with GF-2 high-resolution remote sensing images
(true color fusion images with 0.8 m resolution) of northeastern Beijing, China. These datasets were
selected for the following reasons: (1) both datasets are very-high-spatial-resolution images, which can
examine our classification method, and (2) they correspond to different scenarios. One is peri-urban
and the other is a dense urban area.
In the GF-2 training dataset, we selected totally 89 samples (size 1600 × 1600) which is of
imbalanced data. For each image, there exists a label map following six classes: building, forest, water,
road, shadow, and bare land (Figure 12). We use 89 images of them for training, and the remaining
four images for testing.

Figure 12. Labeled data corresponding to Northeastern Beijing training dataset.

As shown in Figure 13, for different classes in the datasets illustrate the significantly imbalanced
distribution of samples over the different object classes. In the datasets, over 90% of the samples are
distributed between only three classes, while the remaining three classes are represented altogether by
less than 10% of the samples, representing an imbalanced dataset.

Figure 13. Sample proportion (%) of different classes in original and multistage sampling of Northeastern
Beijing (MUS1, MUS2).

3.2. Sampling the Datasets
Valuable training sample sets were obtained using multistage sampling. The sample proportions
for Mangkam after valid sampling were shown in Figure 11. A total of 2000 images (size 512 × 512)
that corresponded to 2000 labels were obtained after sampling. During the first stage, the proportions
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of sample in the minority classes, such as water, buildings and roads, in the total number of samples
were increased. The sample proportions in the majority classes, such as bare land, were reduced.
The sample proportions of MUS1 training set with µmin = 0.6, µmaj = 0.4 and α ≈ 15 were shown in
Figure 11 (MUS1). The second stage was carried out to reach a rough balance between all the classes,
thereby ensuring that the samples from every class could contribute to the training with as little bias as
possible. Figure 11 (MUS2) showed that the constant ρ of our MUS2 training after multistage sampling
set is about equal to 6.8.
The sample proportions for northeastern Beijing after valid sampling were shown in Figure 11.
A total of 1500 images (size 512 × 512) that corresponded to 1500 labels were obtained, and the sample
proportions of MUS1 training set with µmin = 0.5, µmaj = 0.5 and α ≈ 6.78 were shown in Figure 13
(MUS1). The constant ρ of MUS2 training is about equal to 4.76 (Figure 13 (MUS2)).
3.3. Training and Metrics
Anaconda was used for our approach based on the TensorFlow machine learning framework in
Linux. The experimental platform configuration was as follows: Inter Xeon E5- 2650 3.5 GHz and four
NVidia Tesla K80s. An Encoder-Decoder with ASPP was used with Xception20 as the core algorithm.
The training was carried out using SGD for 100 epochs. A “step” policy for the learning rate adjustment
(gamma = 0.1, step-size = 15,000) was used during each epoch. The closer it was to the error minimum,
the smaller the step length was. After each convolutional layer, batch normalization was used for
optimization, to accelerate convergence, and to reduce the number of epochs. Training efficiency was
enhanced by about 10 times because it was unnecessary to train the neural network to adapt to the
data distribution. The data were “trimmed” using the activation function to reduce the diffusion of
gradients. The base learning rate was 0.01. The basic parameters for calculating the increments were
m = 0.9 and dw = 0.0005. The maximum number of iterations in training stage of two datasets was
29,300 and 40,000 respectively. In the training procedure, we first randomly shuffled the samples,
and subsequently fed them into the network in batches. Each batch contained eight images.
Test data were predicted using the trained model, and the classification result was obtained.
Actual label data were used to evaluate their accuracy. In this study, the influences of different
distributions of the sample proportions on four network models (basic FCN, FCN-8S, ASPP, and the
proposed Encoder-Decoder with ASPP) were compared. The training sample set was derived from the
multistage sampling result. Sample proportions were shown in Figures 11 and 13 (Original, MUS1,
and MUS2). In addition, the classification performance of different network models was evaluated.
To ensure consistency in the algorithm comparison, the same sets of training and test data were
used for the four models. In addition, considered with the imbalanced dataset, it could be easier
to obtain high accuracy without actually making useful predictions. Because of the accuracy as
an evaluation, metrics will make sense only if the class labels of test data are uniformly distributed.
So in this paper the performance of the various methods was evaluated based on the criteria as
following: per-class precision, overall accuracy (OA), average recall, average F1 -score and G-mean,
which are considered to be easily interpretable and have better theoretical properties than other
classification measures for class imbalanced problems [56]. Mutual usage of the G-mean measure and
overall accuracy is considered in the evaluation of sampling schema in order to achieve the optimal
performance for both majority and minority classes.
The precision was defined as the number of true positives (TP) divided by the sum of the number
of true positives (TP) and false positives (FP):
precision =

TP
.
TP + FP

(14)
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The recall was defined as the number of true positives (TP) divided by the sum of the number of
true positives (TP) and false negatives (FN):
TP
TP + FN

recall =

(15)

The overall accuracy was defined as follows:
OA =

TP + TN
TP + TN + FP + FN

(16)

In addition, F1 − score was defined as follows:
F1 − score = 2 ×

precision × recall
.
precision + recall

(17)

G-mean is considered as one of the most appropriate metrics where the performance of all classes
is concerned and is adapted from true positive rate and true negative rate measures, which was defined
as follows:
r
TP
TN
G − mean =
×
(18)
TP + FN TN + FP
3.4. Experimental Result
The classification accuracies after training using four different models (basic FCN, FCN-8s, ASPP,
and Encode-Decoder with ASPP) with training sets original class distribution (ORG), MUS1, and MUS2
as inputs were presented in Tables 1 and 2. The result of training set with the original proportion
indicated that all the network models performed poorly in the classification. Along with the training
sets reaching balanced distributions from MUS1 to MUS2, classification accuracy and G-mean of the
same network model also varied. The G-mean values, however, increased significantly as a result of
changing the data distribution.
With MUS2 of Mangkam dataset, our sampling approach and Encode-Decoder with ASPP model
obtained highest OA value of 0.88 and G-mean value of 0.84 among the 12 classification methods,
which is a 0.07 and 0.27 relative improvement from the original dataset. There were significant changes
in the classification accuracies for minority classes: the accuracies of road identification were enhanced
by 0.53 and those of building identification were enhanced by 0.52.
The classification result for roads in Mangkam images was the lowest in every model. The reason
was that roads still contained few pixels after data sampling, for which information loss was more likely
to occur during pooling. In addition, buildings and roads highly resembled bare land and required
a large number of samples in the sets. Thus, the classification result for the minority classes might not
be ideal due to class confusion. We showed a visual comparison of the classified images in Figure 14.
With MUS2 of northeastern Beijing dataset, our sampling approach and Encoder-Decoder with
ASPP model also achieved highest OA value of 0.89 and G-mean value of 0.88, and above all, for the
minority classes, the above statistics show our approach obtains the best performance compared with
the others. Figure 15 illustrates the result of our proposed approach.
Table 1. Comparison between approaches using Basic FCN, FCN-16s, FCN-8s, ASPP, Encoder-Decoder
with ASPP, and our approach for classification on the Mangkam dataset.
Method

Set

Bare Land

Veg

Water

Building

Road

Avg
Recall

Avg
F1-Score

G-Mean

OA

Basic
FCN

ORG
MUS1
MUS2

0.82
0.84
0.81

0.81
0.83
0.79

0.59
0.64
0.76

0.18
0.43
0.59

0.09
0.29
0.50

0.61
0.69
0.74

0.57
0.68
0.70

0.42
0.50
0.62

0.73
0.75
0.77

FCN-8s

ORG
MUS1
MUS2

0.83
0.85
0.90

0.82
0.85
0.83

0.74
0.76
0.81

0.22
0.53
0.64

0.13
0.36
0.62

0.73
0.71
0.75

0.71
0.72
0.76

0.53
0.72
0.79

0.74
0.78
0.81
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Table 1. Cont.
ASPP

ORG
MUS1
MUS2

0.85
0.89
0.87

0.83
0.86
0.82

0.69
0.72
0.80

0.24
0.52
0.73

0.16
0.49
0.70

0.72
0.73
0.84

0.69
0.75
0.81

0.50
0.71
0.80

0.80
0.83
0.85

OURS

ORG
MUS1
MUS2

0.91
0.91
0.91

0.82
0.87
0.84

0.76
0.81
0.84

0.27
0.57
0.79

0.18
0.55
0.71

0.76
0.78
0.86

0.74
0.77
0.84

0.57
0.74
0.84

0.81
0.85
0.88

Table 2. Comparison between approaches using SVM, Basic FCN, FCN-16s, FCN-8s, ASPP,
Encoder-Decoder with ASPP, and our approach for classification on the Northeastern Beijing dataset.
Method

Set

Bare
Land

Building

Veg

Road

Shadow

Water

Avg
Recall

Avg
F1-Score

G-Mean

OA

Basic
FCN

ORG
MUS1
MUS2

0.79
0.70
0.66

0.76
0.77
0.80

0.83
0.84
0.87

0.51
0.62
0.76

0.57
0.60
0.78

0.55
0.61
0.68

0.56
0.63
0.66

0.58
0.59
0.68

0.44
0.49
0.60

0.78
0.76
0.77

FCN-8s

ORG
MUS1
MUS2

0.81
0.81
0.83

0.77
0.79
0.80

0.84
0.84
0.88

0.65
0.68
0.80

0.57
0.63
0.76

0.62
0.69
0.74

0.59
0.63
0.74

0.62
0.68
0.76

0.50
0.57
0.72

0.79
0.80
0.84

ASPP

ORG
MUS1
MUS2

0.78
0.82
0.88

0.77
0.77
0.82

0.87
0.89
0.92

0.65
0.75
0.84

0.60
0.72
0.80

0.60
0.69
0.78

0.59
0.68
0.83

0.62
0.70
0.83

0.51
0.64
0.82

0.80
0.83
0.87

OURS

ORG
MUS1
MUS2

0.80
0.87
0.90

0.78
0.81
0.83

0.88
0.89
0.93

0.73
0.82
0.86

0.67
0.70
0.83

0.65
0.74
0.84

0.65
0.72
0.88

0.68
0.75
0.87

0.59
0.71
0.88

0.82
0.86
0.89

Figure 14. Classification results for Mangkam images (Experiment A): (a) Original images; (b) GT labels
corresponding to the images in (a); (c–e) results of MUS2 + BasicFCN, MUS2 + FCN-8s, and MUS2 +
ASPP classification corresponding to the images in (a), respectively; and (f) our classification results
corresponding to the images in (a).
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Figure 15. Classification results for Northeastern Beijing images (Experiment B): (a) Original images;
(b) GT labels corresponding to the images in (a); (c–e) results of MUS2 + BasicFCN, MUS2 + FCN-8s,
and MUS2 + ASPP classification corresponding to the images in (a), respectively; and (f) our classification
results corresponding to the images in (a).

4. Discussion
4.1. The Importance of Data Segmentation
To obtain sufficient quality training data, data segmentation is the pre-processing that pre-segments the
training set into patches via the SILC algorithm. Different from random cropping that lacks relevance to the
ground objects, superpixel segmentation could be used to find regions that might contain low variability in
the image.
Generating complete object images and corresponding label data help to use samples efficiently in
the training stage. Consequently, trained deep learning models also can achieve a better classification
performance. As shown in Table 3, for overall accuracy, the data segmentation brings 0.16 and 0.14
improvement on the Mangkam and the Northeastern Beijing datasets respectively. Meanwhile, G-Mean,
recall and F1-score have also been improved. Experiments based on two datasets show that assembling data
segmentation with Encoder-Decoder with ASPP model can obtain improvement on classification accuracy.
Table 3. The comparison result of assembling random cropping or superpixel segmentation with
Encoder-Decoder with ASPP model.
Mangkam

Avg Recall

Avg F1-Score

G-Mean

OA

Random Cropping
Superpixel Segmentation

0.67
0.76

0.72
0.74

0.53
0.57

0.65
0.81

Northeastern Beijing

Avg Recall

Avg F1-Score

G-Mean

OA

Random Cropping
Superpixel Segmentation

0.53
0.65

0.64
0.68

0.55
0.59

0.68
0.82
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4.2. Comparison with Other Methods to Address Imbalance
Regarding performance of different methods for addressing imbalance, the influence of different
sampling schema (random over-sampling, random under-sampling, SMOTE over-sampling, identical
sampling, and multistage sampling) and weighting on the final classification result were compared
based on the Encoder-Decoder with ASPP. We evaluated the classification performance (especially the
classification accuracy for minority classes) on Mangkam dataset after adapting these six methods.
In two weighting experiments, the values of weights in the loss function were denoted LOSS1 (bare
land: 1; building: 2; road: 2; water: 1; forest: 1) and LOSS2 (bare land: 1; building: 4; road: 4; water: 1;
forest: 1). For minority classes of dataset, the SMOTE algorithm was applied with an over-sampling
index of up to 235 depending on distribution of the sample proportions, to generate a certain number of
synthetic samples along the linking paths to the neighbors. Table 4 shows the SMOTE over-sampling
index for per-class. Different from taking identical number of samples from classes using identical
sampling, the training sample sets of the multistage sampling were shown in Figure 11 (MUS1 and MUS2).
The influence of five sampling schema and cost weighting on the final classification performance of the
Encoder-Decoder with ASPP network were shown in Table 4. In this section, the sensitivities of the network
models to the weight of the loss function and training sample distribution were quantitatively presented.
As seen in Table 4, the recall for road and building achieved higher value results than that of the
original results combined with these methods, while MUS2 outperforms the rest in all circumstances.
Although the differences between the OA values were trivial under all methods, the G-mean varied
significantly due to different accuracies for minority classes of imbalanced dataset. Furthermore,
the MUS2 gained the highest overall classification accuracy (0.88), G-Mean (0.84), and recall for
buildings (0.82) and roads (0.73).
Table 4. Comparison between LOSS1, LOSS2, random over-sampling, random under-sampling, SMOTE
over-sampling, identical sampling, MUS1, and MUS2.
Experiment
(Bare, Forest, Water, Building, Road)

G-Mean

OA

Recall for Building

Recall for Road

ORG

0.57

0.81

0.32

0.21

Optimized weight (LOSS1: 1, 1, 1, 2, 2)

0.60

0.84

0.47

0.49

Optimized weight (LOSS2: 1, 2, 2, 4, 4)

0.62

0.82

0.62

0.57

Random over-sampling

0.61

0.78

0.61

0.56

Random under-sampling

0.46

0.69

0.38

0.34

SMOTE over-sampling
(INDEX:0,6,59,165,235)

0.77

0.79

0.70

0.63

Identical sampling

0.65

0.79

0.80

0.69

Multistage sampling (MUS1)

0.74

0.85

0.45

0.39

Multistage sampling (MUS2)

0.84

0.88

0.82

0.73

Based on the results, high classification accuracies for buildings and roads in the study area could
not be guaranteed by directly setting the weight of each class in the deep neural network. This result
supported the hypothesis that the classification accuracy of each class could be enhanced by combining
the sampling method and classifier.
Different sampling methods can result in different accuracy levels. A combination of SMOTE
over-sampling improved both the G-mean and recall for minority classes compared to the corresponding
values in the original dataset. While the number of synthetic samples generated is much larger than
the number of real-world ones, samples of invalid information may not result in the desired accuracy,
particularly for skewed datasets. Even though improving recall for minority classes, using identical
sampling resulted in considerably low overall accuracy. This could be attributed to the reasons of
underrepresentation of the training samples from the minority classes during identical sampling, or the
information deficiency for majority classes when minority classes are over represented, since low
overall accuracy mean samples from majority classes have been wrongly labelled as members of these
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minority classes. Regarding performance of different methods for addressing imbalance, multistage
sampling may be the excellent method in performance.
4.3. Comparison of Classifier Algorithm for Classification
This paper presents a classification approach for high-resolution images using the Encoder-Decoder
with ASPP model. We evaluated our approach in the comparison to object-oriented SVM classification.
Object-oriented approach was conducted using the multi-resolution segmentation and SVM classification.
Firstly, multi-resolution segmentation was implemented by the tuning scale, shape, and compactness
parameters (60, 0.2, and 0.5) to obtain high-quality image objects. Then, we selected the most representative
features for the following SVM classification, including mean value and brightness for each band; density
and length-width ratio of the image object; GLCM-mean value; GLDV-mean. The kernel function we used
in SVM is the radial basis function (RBF), and the optimal penalty factor C and kernel function parameter γ
used for SVM classifier were 100 and 0.005, respectively. According to the of the sample proportions of
classes in the original Mangkam dataset, we select the same proportion distribution of the image objects
from each image as samples.
As shown in Table 5, Object-oriented with SVM classification has shown good classification
performance in minority classes (0.76 and 0.69 respectively recall for building and road), the same as in
terms of the G-mean measure. Given the low overall accuracy of object-oriented classification having,
our approach seemed to perform better than this classifier applied to the original training dataset.
Table 5. Comparison with object-oriented classification approach on the test Mangkam data.
Experiment

G-Mean

OA

Recall for Building

Recall for Road

Object-oriented with SVM
OURS with MUS2

0.76
0.84

0.77
0.88

0.76
0.82

0.69
0.73

While samples of minority classes near the class boundary were chosen as support vectors, SVM as
a classifier is insensitive to data imbalance, and can achieve results of high accuracy for minority classes.
Some selection of expressive features also contributes to identification of boundary in classification
stage. The prediction result was shown in Figure 16c. Instead of inputting features of samples to the
classifier, which depends on experience and extensive attempts, our deep-learning-based model can
utilize all of the image information to implement feature extraction and classification.

Figure 16. Detail comparison of object-oriented classification on original Mangkam data, basic FCN and our
approach both training on the Mangkam MUS2 dataset: (a) original images; (b) GT labels corresponding to
the images in (a); (c) classification result from Object-oriented with SVM; (f) classification result from Basic
FCN; and (e) classification result from our approach.

Comparing our four typical deep-learning-based approaches, the classification performance is
obviously improved. In the following sections, we will discuss the reasons. Figure 16d shows that
the prediction result of basic FCN for forest tends to output blob-like objects because resolution is
significantly reduced due to the pooling of basic FCN. Basic FCN was unable to achieve multiscale
segmentation. Comparatively, the Encoder-Decoder with ASPP network performed better in retaining
forest details than Basic FCN.
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With the MUS2 training set, there were significant differences between the classification results for
road and bare land (Figure 17c–e). As shown in Figure 17c, the boundaries of the roads and bare land
were discontinuous, and the bare land was clearly divided into two parts. Such an obviously incorrect
result can be attributed to the fact that the lost resolution is compensated by deconvolution operation
in FCN-8S model. However, it was difficult for deconvolution to effectively recover the resolution
through learning. The classification result in Figure 17d was markedly enhanced because the shapes of
the roads and bare land were basically retained. However, there were still visible plaques and losses
along the boundaries, because parallel sampling using atrous convolution with different sampling
rates was applied in the ASPP, and the boundary details could not be fully recovered by obtaining the
expected dimensions using bilinear up sampling by a factor of 16. As shown in Figure 17e, the results
of the Encoder-Decoder with ASPP network were close to the real labels; the classification accuracies
with this model were significantly enhanced. This model played a role in restoring object boundaries
by capturing multilayer contextual information and distance information in the Encoder stage and
recovering the details and spatial dimensions of the targets using the information obtained during the
Encoder stage in the Decoder stage. Thus, the classes predicted were further refined.

Figure 17. Detail comparison of edge information generated by FCN 8s, ASPP, and our approach
training on the Mangkam MUS2 dataset: (a) original images; (b) GT labels corresponding to the images
in (a); (c) classification result from FCN 8s; (d) classification result from ASPP; and (e) classification
result from our approach.

4.4. Applications and Limitations of Our Approach
Owing to the wide differences between the areas of various ground objects, their uneven
distribution, the small sizes of target features, and other factors in the study area, as well as the
number of pixels they occupied in the high-resolution remote sensing images differed significantly.
The imbalanced data also suggested that there was a great difference between the proportions of
training samples included in the supervised classification.
Deep neural network methods were able to organize multilayer neurons to learn more expressive
features from large volumes of training data. Accurate automatic ground object information with
target details could be extracted by applying a deep-learning-based Encoder-Decoder with ASPP
model for pixel-level classification of high-resolution remote sensing images.
As an important and effective supervised image classification framework, this model required
a large number of annotated samples for training. Both the quantity and quality of samples were directly
associated with the algorithm application and final accuracy of the result. The training sample imbalance
would undermine the classification performance of deep neural networks [39]. Algorithm- and
dataset-oriented methods are two major types suitable for use on imbalanced data: It is critical to select
an appropriate scheme to improve the final classification performance of the study area. The experiment
results indicated that a high overall classification accuracy could be obtained by improving the
classification network model, but this method still performed unsatisfactorily in identifying minority
classes. Compared with the weighting loss, the proposed method of multistage sampling, particularly
in the MUS2 stage, was able to significantly improve the classification performance of minority classes.
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High-quality real ground object labeling depended highly on the experience of classification
personnel. For better applicability, semi-supervised learning methods could be used to investigate
other remote sensing data sources in future studies.
Deep -learning-based application scenarios and technical roadmaps for high-resolution remote
sensing image classification were proposed in this study. Automatic prediction could be realized by
means of image pre-processing, sample labeling, multistage sampling, and model training using the
samples, which not only significantly reduced human costs and time, but also ensured the interpretation
accuracy of the surface environment. This framework had the potential to adapt to a wider range of
engineering and multi-source remote sensing satellite data.
5. Conclusions
In this study, a classification task for imbalanced data of high-resolution remote sensing images
was researched using the deep -learning-based model of Encoder-Decoder with ASPP. According to
the results, the following conclusions were obtained:
•

•

The network used in the experiment was an ASPP-based model combining Encoder and Decoder
stages. Atrous convolution and ASPP were used to obtain high-resolution class prediction in the
Encoder stage, and the boundary details of the targets were recovered in the Decoder stage. This
algorithm could adapt to the large amount of complex ground object details for the processing of
high-resolution remote sensing images. Compared with other network models (e.g., basic FCN,
FCN-8S, and ASPP), the proposed model fully took advantage of the features of high-resolution
remote sensing images, and the overall highest classification accuracy is obviously improved.
We employed two datasets of labeled high-resolution remote sensing images to train deep neural
networks. Both two study area possessed imbalanced class distribution. A multistage sampling
technique was used to obtain MUS2, where the proportions of the ground objects were more
balanced. The G-Mean value obtained using the model trained by MUS2 reached as high as 0.84
and 0.88 respectively, and those for minority were also significantly enhanced.
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