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Abstract: Scene classification relying on images is essential in many systems and applications related
to remote sensing. The scientific interest in scene classification from remotely collected images is
increasing, and many datasets and algorithms are being developed. The introduction of convolutional
neural networks (CNN) and other deep learning techniques contributed to vast improvements in
the accuracy of image scene classification in such systems. To classify the scene from areal images,
we used a two-stream deep architecture. We performed the first part of the classification, the feature
extraction, using pre-trained CNN that extracts deep features of aerial images from different network
layers: the average pooling layer or some of the previous convolutional layers. Next, we applied
feature concatenation on extracted features from various neural networks, after dimensionality
reduction was performed on enormous feature vectors. We experimented extensively with different
CNN architectures, to get optimal results. Finally, we used the Support Vector Machine (SVM)
for the classification of the concatenated features. The competitiveness of the examined technique
was evaluated on two real-world datasets: UC Merced and WHU-RS. The obtained classification
accuracies demonstrate that the considered method has competitive results compared to other
cutting-edge techniques.
Keywords: remote sensing; convolutional neural network (CNN); feature extraction; feature fusion

1. Related Work
Scene classification is one of the main tasks in aerial image understanding. In this process,
a semantic label is assigned to images collected from remote locations [1,2]. Scene classification is also
known as image classification when it comes to remote sensing datasets, and these two expressions are
equally used throughout our paper. Remote sensing classification has found its usage in many areas:
battlefields, traffic control, and disaster observation [3,4]. Remote sensing images are a composition of
scene information and contain an enormous feature space describing the texture. Scene composition
of remote sensing images are often compound, and because of this, it might be challenging to get
the semantic label right from the image data [5,6]. This is the reason for developing numerous scene
classification techniques. In general, they can belong to one of the following categories: methods
that utilize low-level image features [7–20], methods using mid-level image representation [21–35],
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and methods using high-level image features [36–45]. In continuation, a brief literature review of
extracted feature-based classification methods is given.
With methods using low-level visual features, aerial scenes are classified from low-level visual
descriptors: spectral, textural, structural, and so on. The local fluctuation of structures in remote sensing
images is modeled by Scale Invariant Feature Transform (SIFT) [7] as a local structure descriptor.
Other descriptors utilize statistical and global distributions of specific image characteristics, like
color [12] and texture data [8,9]. In [10], the authors used the IKONOS dataset to compare SIFT
and Gabor texture features. In [11], authors compare various color and texture descriptors such as
color histograms and local binary pattern (LBP) [13] descriptors. Authors in [14] use six various
types of descriptors: SIFT, radiometric features, Grey Level Co-Occurrence Matrix (GLCM), Gaussian
wavelet features [15], shape features [16], and Gabor filters, and make a combination of them in
compound-feature figures with different spatial resolutions for remote sensing. In [17], the authors
use Gist and SIFT descriptors. Other descriptors used in the literature are the orientation difference
descriptor [18], and the Enhanced Gabor Texture Descriptor (EGTD) [19]. In [20], authors propose
completed local binary patterns with multi-scales (MS-CLBP) for remote sensing image classification,
and obtained cutting-edge results compared to other low-level methods.
The mid-level visual representation methods are another group of methods used for scene
representation, which attempt to represent scenes with the statistical representation of high-degree
locally extracted image features. They first perform local image feature extraction from local patches,
using descriptors such as color histograms or SIFT. Then these features are encoded for composing
a mid-level representation for remote sensing images. A commonly used mid-level method is
bag-of-visual-words (BoVW) [21]. This method first describes local scene pieces using SIFT [7]
descriptors, and afterward learns a vocabulary of visual words, e.g., utilizing k-means clustering.
The vocabulary is called a visual dictionary or visual codebook. This mid-level technique and its
variations are often suitable for representing aerial scenes. In remote sensing image classification
tasks, the basic BoVW method can be used with different local descriptors [22]: SIFT, LBP, color
histogram, GIST. Multiple features can be utilized for aerial scene classification, including hierarchical
classification methods and normalization with Extreme Value Theory (EVT) [23]. Another approach is
to apply a sparse coding method [24] where structural, spectral, and textural features are extracted and
encoded. The state-of-the-art performance can be achieved by performing dimensionality reduction
with Principal Component Analysis (PCA), before concatenating multi-features, or with methods
such as the Improved Fisher Vector (IFK) [25] and Vectors of Locally Aggregated Tensors (VLAT) [26].
The methods mentioned earlier do not incorporate the spatial distribution of visual words, which,
according to some authors, is important. Namely, [27] proposes the spatial pyramid co-occurrence
kernel (SPCK), which, despite the basic BoVW model, integrates the absolute and relative spatial
data. This method incorporates principles of spatial pyramid match kernel (SPM) [28] and spatial
co-occurrence kernel (SCK) [21]. In [29], the authors develop a model to integrate absolute and
relative spatial connections of local low-level representations into a pyramid-of-spatial-relations (PSR)
model. In addition to BoVW, there are mid-level classification models that take into account the
semantic connection between low-level local visual words for image representation. CIELab color
moments [31] are used with Latent Dirichlet Allocation (LDA) [30] and in [20]. GLCM [32] and edge
orientation histogram (EOH) [33] are other ways of extracting different information in the LDA model.
The probabilistic Latent Semantic Analysis (pLSA) technique [35] is adopted in [34].
The third group of techniques for image classification relay on high-level vision information.
There are a lot of computer vision assignments that can be successfully solved using deep
learning methods: image classification, object recognition, and image retrieval. Compared to
the methods exposed previously in this section, high-level methods can obtain more abstract and
discriminative semantic representations, which results in the achievement of better classification
performance. Feature extraction with convolutional neural networks (CNNs), pre-trained on massive
datasets [36], accomplishes great performance for aerial scene classification [5]. There are many freely
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available pre-trained deep CNN architectures: ResNet, DenseNet, Inception, Xception, and so on.
The classification accuracy of remote sensing images can be increased with a multiscale input strategy
for multi-view CNN learning, similar to what was shown for GoogleNet in [6]. Multi-ratio dense CNN
features from the final convolutional layer are extracted in [37], and afterward encoded with BoVW [38],
Vector of Locally Aggregated Descriptors (VLAD) [39] and Improved Fisher Kernel (IFK) [25] to form
the final scene presentation. Global features are extracted by Nogueira et al. [40] from the CNN models,
and they are fed to a classifier. This method has shown the effectiveness of transfer learning from object
classification models. In all of these examples, the global or local extracted feature representations
were acquired from CNNs pre-trained on datasets with natural images. Those features were utilized
for the classification of remote sensing images. Contrary to the deep learning methods described
above, an alternative is to optimize CNN from scratch, i.e., from randomly set parameter values.
However, as reported in [40], using the UC-Merced dataset [21] and the WHU-RS19 dataset [41] for
full training of CNNs like CaffeNet [42] or GoogLeNet [43] shows poor classification performance.
The reason for the poor performance and poor generalization is that large CNN architectures have
a huge number of parameters, and model training from aerial scene datasets with up to thousands
of images inevitably gets stuck in local minima. However, training CNNs from scratch using larger
datasets, such as AID [44] and NWPU-RESISC45 [45], has shown good results.
Introduction and Contributions
In our article, we use a remote sensing image classification architecture that leverages pre-trained
CNN models that are able to classify high-resolution aerial images. Our approach attempts to constitute
better features for aerial scenes from neural networks’ activations. The CNNs which are included in our
experiments are: ResNet50 [46], InceptionV3 [47], Xception [48], and DenseNet121 [49]. The models are
fully trained on the ImageNet [36] dataset. These CNNs perform feature extraction by removing some
of the layers of the original pre-trained network. Pre-trained CNNs have a complex architecture with
tens of layers, and feature extraction is made from various layers, as in [37]. We use activations from the
average pooling layer, last convolutional layer, and from some of the intermediate convolutional layers
over the entire image, in order to obtain feature representations of the scene. By doing this, we get a
convolutional feature vector with significant dimensionality. For this reason, feature dimensionality
reduction methods are utilized prior to concatenating these features with the features extracted
from average pooling layers. Following the feature extraction and feature fusion, there is a need
for a classifier to get semantic labels of aerial images. Our article proposes two widely used linear
classifiers—linear SVM and Logistic Regression Classifier (LRC)—to process the extracted features and
classify the scenes.
The used method generates excellent features for remote sensing scene classification. These features
are obtained with modifications of the pre-trained CNN models. The achieved classification
performance is on par with the state-of-the-art approaches.
The main contributions of this article are recapped as follows:
-

-

Here, the last or intermediate CNN average pooling layers and convolutional layers are combined
to generate image scene features.
We compare pre-trained CNN models InceptionV3 [47], ResNet50 [46], Xception [48],
and DenseNet121 for image features used for image scene classification.
We present a technique for feature extraction utilizing pre-trained neural networks and perform
dimensionality reduction of the dense CNN activations from the convolutional layers (either
the last one or one of the intermediate convolutional layers) using the PCA. Afterward, feature
fusion of the convolutional layer activations and average pooling layers activations is evaluated,
based on the performance of linear classifiers Linear SVM and LRC.
The examined technique is compared to the existing methods on two publicly available remote
sensing datasets, providing a baseline for aerial scene classification with deep learning methods.
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Datasets used are the UC-Merced dataset and the WHU-RS dataset. The reason for choosing
these two remote sensing datasets lies in the fact that they are commonly used, so it was convenient to
compare our experimental results with the achieved classification accuracies by other authors in the
related articles.
The remainder of this article is organized as follows. In Section 2, the methodologies used
for feature extraction and classification are presented, and how they were empirically evaluated is
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Besides the 1 × 1 convolutional layers, inception modules contain larger kernel convolutional filters,
3 × 3 and 5 × 5. In order to reduce the number of parameters at each level, 1 × 1 convolutional layers
precede 3 × 3 and 5 × 5 convolutional layers. After 1 × 1 convolutional layers, ReLU is used, and the
goal of this operation is to increase non-linearity and to deepen the network. In this network, there are
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2.5. Logistic Regression Classifier

Logistic Regression is a supervised Machine Learning (ML) method used for classification tasks.
The input X is a matrix containing N data instances, each described by K features. Inputs xij are
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K-length feature-vectors (xi ’s), which are continuous, with indexes j = 1, . . . . . . , K and i = 1, . . . . . . , N.
Output yi falls in the interval {0, 1} and it is a binary variable, with Bernoulli distribution and parameter
pi . The decision/activation function of “Linear Classifier” Logistic Regression is called ‘logistic function’
(sigmoid). The main characteristic of the sigmoid function is to determine the output of one system in
the interval (0, 1), regardless of the variables on its input. The posteriors are expressed through the
logistic function as
1
P(Y/X) =
,
(1)
1 + e− f (x)
 
 
In the above expression features x j and the corresponding weights β j make up the function f (x).
In addition to the ‘logistic function,’ this Machine Learning (ML) method has an “objective
function”—“Maximum Likelihood Estimation (MLE).” Its purpose is to make the “likelihood function”
of the training process as large as possible and is expressed with
Yn
argmax : log
β

i=1


P( yi /xi ) yi (1 − P( yi /xi ))(1−yi ) ,

(2)

Its parameters are: the output y which is in the interval (0, 1), P( yi xi ) is the posterior probability


and is given with 1/ 1 + e− f , and the weights vector in f (x) − β.
2.6. Support Vector Machine (SVM)
The SVM is a discriminative classifier formally defined by a separating hyperplane. Given a
set of training data, the SVM finds an optimal hyperplane that categorizes new examples. Tuning
hyperparameters of an SVM model consists of the kernel choice, impact of regularization, gamma,
and margin.
The kernel can be linear, polynomial, exponential, etc. The kernel type we considered in this work
was linear. For the linear kernel, the prediction for input is calculated with
f (x) = B(0) + sum(ai ∗ (x, xi )).

(3)

It is obtained with the dot product of the input (x) and each of the support vectors (xi ). It calculates
the inner products of a new input vector (x) with all support vectors in training data. The coefficients
B(0) and ai (for each input) are estimated from the training data by the learning algorithm.
The polynomial kernel and exponential kernel are given with
K(x, xi ) = 1 + sum(x ∗ xi )∧ d

(4)



K(x, xi ) = exp(−gamma ∗ sum x − x2i

(5)

The regularization parameter gives SVM optimization information to what extent to invalidate
misclassification of every single training sample. The optimization with a large regularization parameter
aims to achieve a better classification accuracy using a smaller-margin hyperplane. A small value of
the regularization parameter will cause a larger-margin separating hyperplane, usually resulting in a
reduced classification accuracy. The extent of influence of each training example is determined with
the gamma parameter. Small values of gamma imply ‘far,’ and big values of gamma imply ‘close.’
2.7. Dimensionality Reduction
The dimensions of the extracted features from the average pooling layers are one or two orders
of magnitude smaller compared to features extracted from the convolutional layers. In our research,
we wanted to have an even influence of the two types of extracted features on the classification process:
the ones from the average pooling layers as well as from the convolutional layers. Additionally, we did
not want the convolutional layer features to have a predominant effect on the classification accuracy
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the following layers were used: average pooling layer, the last convolutional layer before the average,
and bn4f_branch2c layer. In the InceptionV3, the following layers were used: average pooling
layer, mixed_10 layer, and mixed_8 layer. In the Xception, the following layers were used: average
pooling layer, block14_sepconv2_act, and block14_sepconv1_act layer. Finally, for the DenseNet121,
the following layers were used: average pooling layer, the last convolutional layer before the average,
and conv4_block24_concat. The input image size for ResNet50 and the DenseNet121 was 224 × 224,
and the input image size for InceptionV3 and the Xception was 229 × 299. The feature extraction was
performed for two datasets: the UC-Merced and WHU-RS dataset. Training/test dataset ratio was 80%
vs. 20% for the UC-Merced dataset, and 60% vs. 40% for the WHU-RS dataset. The picked out split
ratios are the same as the ones chosen in the related work we compare our approaches to. The splits are
random. There was no stratification used. We did not want to stratify train/test data splits to provide
a completely random process. Controlled data splits (with an equal number of each image class in
every train/ test split) may influence the classification accuracy and lead to the higher mean value and
lower standard deviation of the results. Still, the purpose was not to avoid the worst classification
results. Every input image was pre-processed according to the requirements of the appropriate CNN.
Moderate data augmentation was used on the training set (image data generator produced five patches
per image): images were rotated, shifted, sheared, zoomed, and horizontally flipped. After the features
were extracted, a linear classifier was trained (LRC or SVM). We performed a grid search in order to
tune model hyperparameters (regularization parameter C). This first part of the survey was conducted
with the sole aim of gaining insight into which CNN layer leads to the best classification results. Here,
it is essential to mention that the average pooling layer or the last convolutional layer does not always
give the best classification results. In some of the networks, the best results were obtained using the
inner (intermediate) convolutional layer.
The second part of our survey study was conveyed for boosting the classification performance
using feature fusion. This time, the features were extracted from two different layers of two different
CNNs, in a way that one layer was always the average pooling layer, and the other was the convolutional
layer (the last one or an intermediate convolutional layer). The combinations of layers and networks
were determined from the results obtained in the first part of the simulations. Here, the images were
also appropriately resized, pre-processed, and moderate data augmentation was again applied to the
training set: images were rotated, shifted, sheared, zoomed, and horizontally flipped. Training/ test
dataset ratio was 80%/20% and 50%/50% for the UC-Merced dataset, and 60%/40% and 40%/60% for
the WHU-RS dataset. The splits are random and without stratification again. Before the feature fusion
(concatenation), the PCA transformation is performed on features extracted from the convolutional
layer. Next, the L2 normalization is done on the features extracted from the average pooling layer, and
PCA transformed features, and, finally, the features are fused. SVM is used for the classification task.
The classification results obtained with this method are comparable to state-of-the-art methods based
on feature extraction.
All simulations were performed on OS Ubuntu 18.04 with Keras v2.2.4. Google’s library
TensorFlow v1.12.0 [53], was backend to Keras. The hardware setup was: CPU i7-8700 3.2 GHz and
64 GB RAM. The graphical processor unit was Nvidia GeForce GTX 1080 Ti, with 11 GB of memory
and CUDA v9.0 installed on it.
2.10. Evaluation Metrics
In this article, we use two evaluation metrics: Overall Accuracy OA (equivalent to classification
accuracy) and a confusion matrix. These two types of metrics are usual for analysis of results and
comparison with similar cutting-edge methods in classification tasks articles. The classification accuracy
is the ratio between the number of adequately classified test images (from all image classes) and the total
number of test images. The value of this metric is less than 1. Despite overall accuracy, the classification
accuracy on each separate image class is presented in a confusion matrix. The confusion matrix is a
graphical display (table) of the classification accuracy on each class of the dataset. This table clearly
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shows the errors of each separate class and confusion between different classes. In a confusion matrix,
the columns represent the predicted classes, and the rows represent real classes. In a normalized
confusion matrix, the item xij is the percentage of images that are classified as they belonged to the
i-th class, but their real class is j-th [54]. Ideally, an accurate prediction model leads to a diagonal
confusion matrix, or with high values on the diagonal and shallow values in other entries. In our
experimental setup, the dataset was divided into training and testing sets. The division was random,
without stratification, and it was made according to the scales listed in the previous section. To check
the reliability of the results, all cases where the biggest OA is obtained are repeated ten times. After that,
the mean value and the standard deviation (SD) from each experiment are calculated.
3. Results
3.1. Classification Founded on Extracted Features from Different CNN Layers
As mentioned in the experimental setup, the first part of the simulations is devoted to classification
based on features extracted solely from one network layer. The obtained results are displayed in Table 1,
with 80% of UC-Merced dataset used as a training set, and in Table 2 for the WHU-RS dataset under
the training ratio of 60%. The remaining instances were used in the test set, and no instances were left
out of the analysis. Experiments were extensive across all four pre-trained CNNs, and three different
layers in each of them. Extracted features were fed to two different linear classifiers: LRC and SVM.
As it is known, the average pooling layer is a replacement for the fully connected layers in
the architecture of a CNN. Therefore we expected that the features extracted from that layer would
lead to the highest classification accuracies. On the other hand, convolutional layers, especially the
intermediate ones, give features which represent mid-level information (e.g., object parts), but not the
spatial dependencies between them (e.g., the whole object), and the classification accuracies should
deteriorate compared to the features extracted from average pooling layers.
However, if we carefully analyze Tables 1 and 2, we can conclude for both datasets, as well as for
both linear classifiers, that the best accuracies for each of the pre-trained CNNs, except for ResNet50,
are obtained with features extracted from the intermediate convolutional layer. That is the mixed_8
layer for the InceptionV3, block14_sepconv1_act layer for the Xception, and conv4_block24_concat
layer for the DenseNet121. These results gave us directions for the second part of our experiments.
Namely, we extracted features from convolutional layers of interest, then PCA transformed them and
fused them with features extracted from the average pooling layer of different CNN. With this method,
we aimed to boost the classification accuracy on the UC-Merced and the WHU-RS dataset.
Table 1. The classification accuracy (OA (%)) of linear classification with a Logistic Regression Classifier
(LRC) and a Support Vector Machine (SVM), using features extracted from different layers with 80% of
UC-Merced dataset as a training set.
Method
ResNet50
avg pooling
last conv layer
bn4f_branch2c
InceptionV3
avg pooling
mixed_10
mixed_8
Xception
avg pooling
block14_sepconv2_act
block14_sepconv1_act
DenseNet121
avg pooling
conv5_block16_concat
conv4_block24_concat

LRC

SVM

96.19
95.71
94.52

95.71
97.38
93.57

96.67
95.48
98.10

95
95.71
98.33

93.57
93.81
96.43

94.76
94.29
95.71

95.48
96.67
97.14

93.81
94.05
95.24
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Table 2. The classification accuracy (OA (%)) of linear classification with LRC and SVM of features
extracted from different layers with 60% of WHU-RS dataset as a training set.
Method
ResNet50
avg pooling
last conv layer
bn4f_branch2c
InceptionV3
avg pooling
mixed_10
mixed_8
Xception
avg pooling
block14_sepconv2_act
block14_sepconv1_act
DenseNet121
avg pooling
conv5_block16_concat
conv4_block24_concat

LRC

SVM

98.01
98.01
95.52

97.01
97.76
96.02

95.78
94.53
97.26

95.02
95.52
97.26

93.28
94.28
95.27

93.53
94.53
95.52

96.52
96.27
96.27

95.27
95.52
96.27

3.2. Classification Based on Features Fusion with PCA Transformation
The second part of the simulations presents the capacity of the evaluated method: the linear
classification of features fused from average pooling layer and PCA transformed features from some of
the convolutional layers. In the PCA decomposition, we used 2010 components, which provided a good
balance between performance and dimensionality reduction. For the Linear SVM, we used a grid search
approach [55] to select the value for C from the set of values: 0.0001, 0.001, 0.01, 0.1, 1, 10, 100, 1000,
10,000, and 100,000. The maximum iterations were 5000, using 3-fold standard cross-validation using
the training subset. The default SVM parameters were significantly worse without the grid search.
The research was done for different combinations of layers, and the SVM as a linear classifier
for the UC-Merced dataset, and is presented in Table 3. To evaluate the classification accuracy of the
examined technique, we compared it to the achieved classification accuracy of a couple of similar
cutting-edge classification techniques on the UC Merced Land-Use dataset. The performance of
different techniques is shown in Table 4, which is a common way of reporting results using these
methods, as in [56]. As Table 4 shows, the proposed method for feature fusion with PCA transformation
gives a classification accuracy comparable to the competitive methods. Methods that outperform our
architecture can be found: the integration of a global context features and features concerning local
objects GCFs+LOFs [57] and Inception-v3-CapsNet [54]. In order to check the reliability of the results,
all cases where the largest OA is obtained are repeated ten times, and the mean and standard deviation
on the testing sets are calculated, as shown in Table 5. It has to be noted that the averaged accuracies
are somewhat lower than the ones shown in Table 4.
Table 3. The classification accuracy (OA (%)) of the linear classification of fused features with Principal
Component Analysis (PCA) transformation, with 80% and 50% of UC-Merced dataset as a training set.
Method

80% of UCM Dataset as
a Training Set

50% of UCM Dataset as
a Training Set

ResNet50 last conv layer (PCA) + InceptionV3 avg pooling
ResNet50 last conv layer (PCA) + Xception avg pooling
DenseNet121 conv5_block16_concat (PCA) + Xception avg pooling
DenseNet121 conv4_block24_concat (PCA) + Xception avg pooling
InceptionV3 mixed_10 (PCA) + ResNet50 avg pooling
InceptionV3 mixed_8 (PCA) + ResNet50 avg pooling
InceptionV3 mixed_10 (PCA) + Xception avg pooling
InceptionV3 mixed_8 (PCA) + Xception avg pooling
DenseNet121 conv5_block16_concat (PCA) + ResNet50 avg pooling
DenseNet121 conv4_block24_concat (PCA) + ResNet50 avg pooling
Xception block14_sepconv2_act (PCA) + DenseNet121 avg pooling
Xception block14_sepconv1_act (PCA) + DenseNet121 avg pooling

97.14
97.62
97.86
97.86
97.62
98.33
95.95
98.57
97.14
96.9
96.67
98.57

97.33
97.43
96.67
96.57
96.57
97.43
95.14
97.62
96.67
95.24
96.48
96.29
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Table 4. The classification accuracy (OA (%) and SD) of the examined method and the reference
methods, with 80% and 50% of UC-Merced dataset as a training set.
Method

80% of UCM Dataset as a
Training Set

50% of UCM Dataset as a
Training Set

CaffeNet [44]
GoogLeNet [44]
VGG-16 [44]
SRSCNN [58]
CNN-ELM [59]
salM3 LBP-CLM [60]
TEX-Net-LF [61]
LGFBOVW [62]
Fine-tuned GoogLeNet [63]
Fusion by addition [64]
CCP-net [65]
Two-stream Fusion [50]
DSFATN [66]
Deep CNN Transfer [37]
InceptionV3 mixed_8 (PCA) + Xception avg pooling (Ours)
GCFs+LOFs [57]
Inception-v3-CapsNet [54]

95.02 ± 0.81
94.31 ± 0.89
95.21 ± 1.20
95.57
95.62
95.75 ± 0.80
96.62 ± 0.49
96.88 ± 1.32
97.10
97.42 ± 1.79
97.52 ± 0.97
98.02 ± 1.03
98.25
98.49
98.57
99 ± 0.35
99.05 ± 0.24

93.98 ± 0.67
92.70 ± 0.60
94.14 ± 0.69
/
/
94.21 ± 0.75
95.89 ± 0.37
/
/
/
/
96.97 ± 0.75
/
/
97.62
97.37 ± 0.44
97.59 ± 0.16

Table 5. The overall accuracy (%) and standard deviation of the examined method, with 80% and 50%
of the UC-Merced dataset as a training set.
Method

80% of UCM Dataset as a
Training Set

50% of UCM Dataset as a
Training Set

InceptionV3 mixed_8 (PCA) + ResNet50 avg pooling
InceptionV3 mixed_8 (PCA) + Xception avg pooling

97.67 ± 0.64
97.86 ± 0.59

97.00 ± 0.65
96.6 ± 0.65

Figure 8 displays the confusion matrix plotted in the case of the best classification accuracy
obtained by the InceptionV3 mixed_8 (PCA) + Xception average pooling layer with 50% of the
UC-Merced dataset as a training set. The confusion matrix shows that the worst classified categories
are ‘dense residential’ and ‘medium residential.’ Those two classes are easily confused with each
other. This comes from the fact that the ‘dense residential’ and ‘medium residential’ classes have
similar image structures, for example, the building shapes and distribution, and it is difficult to
differentiate them from each other, which can be seen in Figure 9. However, it is noticeable that ‘dense
residential’, as well as ‘medium residential’, achieved an accuracy of 88%. This accuracy outperformed
the GCFs+LOFs [57], with a ‘dense residential’ accuracy of 74%, and the Inception-v3-CapsNet [54],
with a ‘dense residential’ accuracy of 80%. These two methods are the best ones ranked in Table 4.
Figure 10 displays the confusion matrix plotted for the achieved classification accuracy by the
InceptionV3 mixed_8 (PCA) + ResNet50 average pooling with 50% of the UC-Merced dataset as a
training set.
The second part of the research was repeated for the WHU-RS dataset as well: the linear
classification of features fused from average pooling layer(s) and PCA transformed features from
some of the convolutional layers. The classification accuracy of different combinations of layers,
and the SVM as a linear classifier, is presented in Table 6. To evaluate the classification accuracy
of the examined technique, we compared it to the achieved classification accuracy of a couple of
state-of-the-art classification methods on the WHU-RS dataset, as displayed in Table 7. As it is depicted
in Table 7, the examined architecture for feature fusion with PCA transformation gives a classification
accuracy comparable to the state-of-the-art methods. It can be noted that our proposed method for
a training ratio of 40% outperforms all the other cutting-edge classification methods. To check the
reliability of results, all cases where the largest OA is obtained are repeated ten times on testing sets.
Afterward, we calculated the mean value and standard deviation on the achieved results, as shown in
Table 8.
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transformation, with 60% and 40% of WHU-RS dataset as a training set.
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Table 7. The classification accuracy (OA (%) and SD) of the examined method and the reference
methods, with 60% and 40% of WHU-RS dataset as a training set.
Method
Bag of SIFT [29]
MS-CLBP + BoVW [67]
GoogLeNet [44]
VGG-VD-16 [44]
CaffeNet [44]
salM3 LBP-CLM [60]
TEX-Net-LF 61]
InceptionV3 mixed_8 (PCA) + ResNet50
avg pooling (Ours)
DCA by addition [64]
Fusion with saliency detection [50]
DenseNet121 conv5_block16_concat
(PCA) + ResNet50 avg pooling (Ours)

60% of WHU-RS Dataset as a
Training Set

40% of WHU-RS Dataset as a
Training Set

85.52 ± 1.23
89.29 ± 1.30
94.71 ± 1.33
96.05 ± 0.91
96.24 ± 0.56
96.38 ± 0.82
96.62 ± 0.49

/
/
93.12 ± 0.82
95.44 ± 0.60
95.11 ± 1.20
95.35 ± 0.76
95.89 ± 0.37

98.13 ± 0.51

/

98.70 ± 0.22
98.92 ± 0.52

97.61 ± 0.36
98.23 ± 0.56

/

98.26 ± 0.40

Table 8. The classification accuracy (OA (%) and SD) of the examined method, with 60% and 40% of
the WHU-RS dataset as a training set.
Method
InceptionV3 mixed_8 (PCA) +
ResNet50 avg pooling
DenseNet121
conv5_block16_concat (PCA) +
ResNet50 avg pooling

60% of WHU-RS Dataset as a
Training Set

40% of WHU-RS Dataset as a
Training Set

98.13 ± 0.51

97.84 ± 0.53

98.01 ± 0.68

98.26 ± 0.40

Figures 11 and 12 show the confusion matrices generated from the classification result by the
InceptionV3 mixed_8 (PCA) + ResNet50 average pooling with the training ratio of 60%, and by
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DenseNet121 conv5_block16_concat
(PCA) + ResNet50 average pooling, for a training
ratio of 40%.
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The classification of aerial scenes conducted with two linear classifiers: LRC and SVM gave similar
results and thus confirmed our conclusions. When features were extracted solely from one layer
(regardless of whether it was extracted from an average pooling layer or some of the convolutional
layers), the trends of increasing or decreasing the classification accuracies were the same with
any of the classifiers. For all pre-trained CNNs, except for ResNet50, the accuracies increased
by moving to intermediate layers. It is a challenging task to move further to lower layers and to
compare the classification accuracies.
The proposed method for remote sensing image datasets classification, based on a fusion of
features with PCA transformation, leads to accuracies which are comparable to the state-of-the-art
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methods. However, even though there are methods attaining higher classification accuracies on
the UC-Merced dataset, the classification accuracy attained on the class “dense residential” (the
most demanding one) is higher, compared to the other classification methods presented in the
literature. Namely, our method achieved an accuracy of 0.88 under the training ratio of 50% on
the UC-Merced dataset, compared to the GCFs +LOFs with a “dense residential” accuracy of 0.74
and the Inception-v3-CapsNet with “dense residential” accuracy of 0.8. This can find its usage
when it is about the classification of datasets with image classes with big inter-class similarities
(image classes which are easy to confuse with each other).
Our method of feature fusion with PCA transformation is competitive to the cutting-edge methods.
However, it should be noted that it performs better under a smaller percentage of the training set.
Under the training ratio of 40% on the WHU-RS dataset, it gives the classification accuracy of
98.26 ± 0.40, which outperforms other methods in the literature. This can be useful in situations
when there is no possibility for time-excessive training of the classifiers, and the acceptable
classification accuracy can be achieved with a smaller ratio of the training set. Time-excessive
training is never a good idea, especially when there is a need for repetitive experiments.
In our simulations, moderate data augmentation on the training set is used, which certainly helped
to achieve good classification results. Data augmentation can be more aggressive, and can produce
more patches from the original image (here, data augmentation gave five patches from a single
image). It can be done by translations, rotations, changes in scale, shearing, and horizontal and
vertical flips of the images of remote sensing dataset. This can lead to improving the classification
accuracy, as the result of the larger amount of data to train the linear classifiers, which can be even
more competitive.
In the performed experiments, the dataset split is completely random; in other words,
no stratification is used. A stratified data split may lead to bigger classification accuracies,
because image classes which are more difficult to differentiate are represented equally with all the
other classes. This choice is made on purpose (the process should be random), even it brings a
lower mean value and a bigger standard deviation.

The above observations give us valuable information and directions for researching more
competitive methods on bigger and more complex datasets to provide the progress in remote sensing
image classification.
As an alternative, we attempted to use the features extracted from the deep learning models,
and then perform traditional feature selection and classification with other ensemble-based algorithms,
such as Random Forest, XGBoost, Adaboost, or Extremely Randomized Trees. However, all datasets
exported after the feature extraction were about 550 GB, so we were not able to effectively perform
feature extraction based on ranking or correlation. Wrapper and hybrid methods were even less
suitable, because of their complexity. Be that as it may, we believe that such analysis is worthwhile,
and could be valuable for improving the classification performance.
5. Conclusions
In our paper, the two-stream concatenation method for the classification of remote sensing
high-resolution images was used. In our experiments, at first, CNNs pre-trained on ImageNet dataset
were used to extract features from the original aerial image from different layers of neural networks’
architecture. After the extraction, the features extracted from the average pooling layer and the PCA
transformed features from a convolutional layer were concatenated, to form a unique representation of
features. In the end, we used the SVM classifier for the classification of the final set of features. We tested
our architecture on two datasets. In comparison with other state-of-the-art methods, our architecture
achieved comparable results. The proposed method can be relevant when there is a need to perform
training of a classifier with a small ratio on the training dataset. Additionally, this technique might be
a good solution for the classification of datasets with image classes with big inter-class similarities,
like “dense residential” of the UC-Merced dataset.
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The proposed technique for remote sensing image classification can be further explored with
extracting features from lower layers of pre-trained deep CNN. In addition to this, stratification can
also have an impact on the classification accuracy of the researched technique. So, to boost the accuracy
and to come closer to the best classification practices, the spilt of the training/testing dataset should be
stratified. All gathered knowledge and experience could be checked on other remote sensing datasets,
not necessarily publicly available, preferably small scale, because the proposed classification method
gives good results with a small portion of the training set.
Author Contributions: Conceptualization, B.P.; methodology, B.P.; software, B.P.; validation, B.P., E.Z., P.L., R.C.,
I.Š. and J.L.; formal analysis, B.P., E.Z., P.L., R.C., I.Š. and J.L.; investigation, B.P., E.Z., P.L., R.C., I.Š.; resources, B.P.;
data curation, B.P., and P.L.; writing—original draft preparation, B.P., E.Z., P.L., R.C., I.Š. and J.L.; visualization, B.P.,
E.Z., and R.C.; supervision, E.Z.; project administration, E.Z.; funding acquisition, E.Z., I.Š. and J.L. All authors
have read and agreed to the published version of the manuscript.
Funding: This article is based upon work from COST Action CA17137 g2net (A network for Gravitational
Waves, Geophysics, and Machine Learning), which also funded the APC. More information in www.cost.eu and
www.g2net.eu. The authors affiliated with the Faculty of Computer Science and Engineering, Ss. Cyril and
Methodius University acknowledges its support for the work on this project. The funders had no role in the
design of the study; in the collection, analyses, or interpretation of data; in the writing of the manuscript, or in the
decision to publish the results.
Conflicts of Interest: The authors declare no conflict of interest.

References
1.
2.
3.
4.
5.

6.
7.
8.

9.
10.

11.

12.
13.
14.

Qayyum, A.; Malik, A.S.; Saad, N.M.; Iqbal, M.; Abdullah, M.F.; Rasheed, W. Scene classification for aerial
images based on CNN using sparse coding technique. Int. J. Remote Sens. 2017, 38, 2662–2685. [CrossRef]
Gan, J.; Li, Q.; Zhang, Z.; Wang, J. Two-level feature representation for aerial scene classification. IEEE Geosci.
Remote Sens. Lett. 2016, 13, 1626–1630. [CrossRef]
Yang, W.; Yin, X.; Xia, G.S. Learning high-level features for satellite image classification with limited labeled
samples. IEEE Trans. Geosci. Remote Sens. 2015, 53, 4472–4482. [CrossRef]
Huang, F.; Yan, L. Hull vector-based incremental learning of hyperspectral remote sensing images. J. Appl.
Remote Sens. 2015, 9, 096022. [CrossRef]
Penatti, O.A.B.; Nogueira, K.; DosSantos, J.A. Do deep features generalize from everyday objects to remote
sensing and aerial scenes domains? In Proceedings of the IEEE Conference on Computer Vision and Pattern
Recognition Workshops (CVPRW’15), Boston, MA, USA, 7–12 June 2015; pp. 44–51.
Luus, F.P.S.; Salmon, B.P.; VanDenBergh, F.; Maharaj, B.T.J. Multi-view deep learning for land-use classification.
IEEE Geosci. Remote Sens. Lett. 2015, 12, 2448–2452. [CrossRef]
Lowe, D.G. Distinctive image features from scale-invariant keypoints. Int. J. Comput. Vis. 2004, 60, 91–110.
[CrossRef]
Risojevic, V.; Babic, Z. Aerial image classification using structural texture similarity. In Proceedings of the
IEEE International Symposium on Signal Processing and Information Technology (ISSPIT), Bilbao, Spain,
14–17 December 2011; pp. 190–195.
Manjunath, B.S.; Ma, W.-Y. Texture features for browsing and retrieval of image data. IEEE Trans. Pattern
Anal. Mach. Intell. 1996, 18, 837–842. [CrossRef]
Yang, Y.; Newsam, S. Comparing sift descriptors and Gabor texture features for classification of remote
sensed imagery. In Proceedings of the IEEE International Conference on Image Processing, San Diego, CA,
USA, 12–15 October 2008; pp. 1852–1855.
Santos, J.A.d.; Penatti, O.A.B.; da Silva Torres, R. Evaluating the potential of texture and color descriptors
for remote sensing image retrieval and classification. In Proceedings of the VISAPP (2), Angers, France,
17–21 May 2010; pp. 203–208.
Swain, M.J.; Ballard, D.H. Color indexing. Int. J. Comput. Vis. 1991, 7, 11–32. [CrossRef]
Ojala, T.; Pietikainen, M.; Maenpaa, T. Multiresolution gray-scale and rotation invariant texture classification
with local binary patterns. IEEE Trans. Pattern Anal. Mach. Intell. 2002, 24, 971–987. [CrossRef]
Luo, B.; Jiang, S.; Zhang, L. Indexing of remote sensing images with different resolutions by multiple features.
IEEE J. Sel. Top. Appl. Earth Obs. Remote Sens. 2013, 6, 1899–1912. [CrossRef]

Sensors 2020, 20, 3906

15.
16.
17.
18.

19.
20.
21.

22.

23.

24.
25.

26.

27.
28.

29.
30.
31.
32.
33.
34.
35.
36.

37.

20 of 22

Luo, B.; Aujol, J.-F.; Gousseau, Y.; Ladjal, S. Indexing of satellite images with different resolutions by wavelet
features. IEEE Trans. Image Process. 2008, 17, 1465–1472. [PubMed]
Luo, B.; Aujol, J.-F.; Gousseau, Y. Local scale measure from the topographic map and application to remote
sensing images. Multiscale Model. Simul. 2009, 8, 1–29. [CrossRef]
Oliva, A.; Torralba, A. Modeling the shape of the scene: A holistic representation of the spatial envelope.
Int. J. Comput. Vis. 2001, 42, 145–175. [CrossRef]
Risojevic, V.; Babic, Z. Orientation difference descriptor for aerial image classification. In Proceedings of the
International Conference on Systems, Signals and Image Processing (IWSSIP), Vienna, Austria, 11–13 April
2012; pp. 150–153.
Risojevic, V.; Babic, Z. Fusion of global and local descriptors for remote sensing image classification.
IEEE Geosci. Remote Sens. Lett. 2013, 10, 836–840. [CrossRef]
Chen, C.; Zhang, B.; Su, H.; Li, W.; Wang, L. Land-use scene classification using multi-scale completed local
binary patterns. Signalimageand Video Process. 2015, 10, 745–752. [CrossRef]
Yang, Y.; Newsam, S. Bag-of-visual-words and spatial extensions for land-use classification. In Proceedings
of the 18th SIGSPATIAL International Conference on Advances in Geographic Information Systems, San Jose,
CA, USA, 4–6 November 2010; pp. 270–279.
Chen, L.; Yang, W.; Xu, K.; Xu, T. Evaluation of local features for scene classification using vhr satellite images.
In Proceedings of the Joint Urban Remote Sensing Event (JURSE), Munich, Germany, 11–13 April 2011;
pp. 385–388.
Scheirer, W.J.; Kumar, N.; Belhumeur, P.N.; Boult, T.E. Multi-attribute spaces: Calibration for attribute fusion
and similarity search. In Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition,
Providence, RI, USA, 16–21 June 2012; pp. 2933–2940.
Sheng, G.; Yang, W.; Xu, T.; Sun, H. High-resolution satellite scene classification using a sparse coding-based
multiple feature combination. Int. J. Remote Sens. 2012, 33, 2395–2412. [CrossRef]
Perronnin, F.; Sanchez, J.; Mensink, T. Improving the fisher kernel for large-scale image classification.
In Proceedings of the European Conference on Computer Vision, Heraklion, Greece, 5–11 September 2010;
pp. 143–156.
Negrel, R.; Picard, D.; Gosselin, P.-H. Evaluation of second-order visual features for land-use classification.
In Proceedings of the International Workshop on Content-Based Multimedia Indexing (CBMI), Klagenfurt,
Austria, 18–20 June 2014; pp. 1–5.
Yang, Y.; Newsam, S. Spatial pyramid co-occurrence for image classification. In Proceedings of the IEEE
International Conference on Computer Vision (ICCV), Barcelona, Spain, 6–13 November 2011; pp. 1465–1472.
Lazebnik, S.; Schmid, C.; Ponce, J. Beyond bags of features: Spatial pyramid matching for recognizing natural
scene categories. In Proceedings of the Proc. IEEE Conference on Computer Vision and Pattern Recognition,
New York, NY, USA, 17–22 June 2006; pp. 2169–2178.
Chen, S.; Tian, Y. Pyramid of spatial relations for scene-level land use classification. IEEE Trans. Geosci.
Remote Sens. 2015, 53, 1947–1957. [CrossRef]
Blei, M.D.; Ng, A.Y.; Jordan, M.I. Latent dirichlet allocation. J. Mach. Learn. Res. 2003, 3, 993–1022.
Stricker, M.A.; Orengo, M. Similarity of color images, in IS&T/SPIE’s Symposium on Electronic Imaging: Science &
Technology; International Society for Optics and Photonics: Bellingham, WA, USA, 1995; pp. 381–392.
Haralick, R.M.; Shanmugam, K.; Dinstein, I.H. Textural features for image classification. IEEE Trans. Syst.
Man Cybern. 1973, 610–621. [CrossRef]
Kusumaningrum, R.; Wei, H.; Manurung, R.; Murni, A. Integrated visual vocabulary in latent dirichlet
allocation–based scene classification for ikonos image. J. Appl. Remote Sens. 2014, 8, 083690. [CrossRef]
Zhong, Y.; Cui, M.; Zhu, Q.; Zhang, L. Scene classification based on multi-feature probabilistic latent semantic
analysis for high spatial resolution remote sensing images. J. Appl. Remote Sens. 2015, 9, 095064. [CrossRef]
Bosch, A.; Zisserman, A.; Muñoz, X. Scene classification via plsa. In Proceedings of the European Conference
on Computer Vision, Graz, Austria, 7–13 May 2006; pp. 517–530.
Russakovsky, O.; Deng, J.; Su, H.; Krause, J.; Satheesh, S.; Ma, S.; Huang, Z.; Karpathy, A.; Khosla, A.;
Bernstein, M.; et al. ImageNet Large Scale Visual Recognition Challenge. Int. J. Comput. Vis. 2015, 115,
211–252. [CrossRef]
Hu, F.; Xia, G.-S.; Hu, J.; Zhang, L. Transferring deep convolutional neural networks for the scene classification
of high-resolution remote sensing imagery. Remote Sens. 2015, 7, 14680–14707. [CrossRef]

Sensors 2020, 20, 3906

38.
39.
40.
41.

42.

43.
44.
45.
46.
47.
48.
49.
50.
51.

52.

53.

54.
55.

56.
57.
58.
59.

60.

21 of 22

Sivic, J.; Zisserman, A. Video google A text retrieval approach to object matching in videos. In Proceedings
of the IEEE International Conference on Computer Vision, Nice, France, 13–16 October 2003; pp. 1470–1477.
J´egou, H.; Perronnin, F.; Douze, M.; Sanchez, J.; Perez, P.; Schmid, C. Aggregating local image descriptors
into compact codes. IEEE Trans. Pattern Anal. Mach. Intell. 2012, 34, 1704–1716. [CrossRef]
Nogueira, K.; Penatti, O.A.B.; dos Santos, J.A. Towards better exploiting convolutional neural networks for
remote sensing scene classification. Pattern Recognit. 2017, 61, 539–556. [CrossRef]
Xia, G.-S.; Yang, W.; Delon, J.; Gousseau, Y.; Sun, H.; Mantre, H. Structural high-resolution satellite image
indexing. In Proceedings of the ISPRS TC VII Symposium-100 Years ISPRS 38, Vienna, Austria, 5–7 July 2010;
pp. 298–303.
Jia, Y.; Shelhamer, E.; Donahue, J.; Karayev, S.; Long, J.; Girshick, R.; Guadarrama, S.; Darrell, T. Caffe:
Convolutional architecture for fast feature embedding. In Proceedings of the ACM International Conference
on Multimedia, Orlando, FL, USA, 3–7 November 2014; pp. 675–678.
Szegedy, C.; Liu, W.; Jia, Y.; Sermanet, P.; Reed, S.; Anguelov, D.; Erhan, D.; Vanhoucke, V.; Rabinovich, A.
Going deeper with convolutions. arXiv 2014, arXiv:1409.4842,.
Xia, G.S.; Hu, J.; Hu, F.; Shi, B. AID: A Benchmark Data Set for Performance Evaluation of Aerial Scene
Classification. IEEE Trans. Geosci. Remote Sens. 2017, 55, 3965–3981. [CrossRef]
Cheng, G.; Han, J.; Lu, X. Remote Sensing Image Classification: Benchmark and State of the Art. Proc. IEEE
2017, 105, 1865–1883. [CrossRef]
He, K.; Zhang, X.; Ren, S.; Sun, J. Deep Residual Learning for Image Recognition. arXiv 2015,
arXiv:1512.03385v1.
Szegedy, C.; Vanhoucke, V.; Ioffe, S.; Shlens, J.; Wojna, Z. Rethinking the Inception Architecture for Computer
Vision. arXiv 2015, arXiv:1512.0567v3.
Chollet, F. Xception: Deep Learning with Depthwise Separable Convolutions. arXiv 2017, arXiv:1610.02357v3.
Huang, G.; Liu, Z.; van der Maaten, L.; Weinberger, K.Q. Densely Connected Convolutional Networks. arXiv
2018, arXiv:1608.06993v5.
Yu, Y.; Liu, F. A two-stream deep fusion framework for high-resolution aerial scene classification.
Comput. Intell. Neurosci. 2018, 2018, 8639367. [CrossRef] [PubMed]
Mahdianpari, M.; Salehi, B.; Rezaee, M.; Mohammadimanesh, F.; Zhang, Y. Very Deep Convolutional Neural
Networks for Complex Land Cover Mapping Using Multispectral Remote Sensing Imagery. Remote Sens.
2018, 10, 1119. [CrossRef]
Sifre, L.; Mallat, S. Rotation, Scaling and Deformation Invariant Scattering for Texture Discrimination.
In Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition, Portland, OR, USA,
23–28 June 2013; pp. 1233–1240.
Abadi, M.; Agarwal, A.; Barham, P.; Brevdo, E.; Chen, Z.; Citro, C.; Corrado, G.S.; Davis, A.; Dean, J.;
Devin, M. Tensorflow: Large-Scale Machine Learning on Heterogeneous Distributed Systems. arXiv 2016,
arXiv:1603.04467.
Zhang, W.; Tang, P.; Zhao, L. Remote Sensing Image Scene Classification Using CNN-CapsNet. Remote Sens.
2019, 11, 494. [CrossRef]
Lameski, P.; Zdravevski, E.; Mingov, R.; Kulakov, A. SVM Parameter Tuning with Grid Search and Its Impact
on Reduction of Model Over-fitting. In Rough Sets, Fuzzy Sets, Data Mining, and Granular Computing; Lecture
Notes in Computer Science; Yao, Y., Hu, Q., Yu, H., Grzymala-Busse, J., Eds.; Springer: Cham, Germany, 2015;
Volume 9437.
Yu, Y.; Liu, F. Dense Connectivity Based Two-Stream Deep Feature Fusion Framework for Aerial Scene
Classification. Remote Sens. 2018, 10, 1158. [CrossRef]
Zeng, D.; Chen, S.; Chen, B.; Li, S. Improving remote sensing scene classification by integrating global-context
and local-object features. Remote Sens. 2018, 10, 734. [CrossRef]
Liu, Y.; Zhong, Y.; Fei, F.; Zhu, Q.; Qin, Q. Scene Classification Based on a Deep Random-Scale Stretched
Convolutional Neural Network. Remote Sens. 2018, 10, 444. [CrossRef]
Chen, J.; Wang, C.; Ma, Z.; Chen, J.; He, D.; Ackland, S. Remote sensing scene classification based on
convolutional neural networks pre-trained using attention-guided sparse filters. Remote Sens. 2018, 10, 290.
[CrossRef]
Bian, X.; Chen, C.; Tian, L.; Du, Q. Fusing local and global features for high-resolution scene classification.
IEEE J. Sel. Top. Appl. Earth Obs. Remote Sens. 2017, 10, 2889–2901. [CrossRef]

Sensors 2020, 20, 3906

61.

62.

63.
64.
65.
66.
67.

22 of 22

Anwer, R.M.; Khan, F.S.; vandeWeijer, J.; Monlinier, M.; Laaksonen, J. Binary patterns encoded convolutional
neural networks for texture recognition and remote sensing scene classification. arXiv 2017, arXiv:1706.01171.
[CrossRef]
Zhu, Q.; Zhong, Y.; Zhao, B.; Xia, G.; Zhang, L. Bag-of-visual-words scene classifier with local and global
features for high spatial resolution remote sensing imagery. IEEE Geosci. Remote Sens. Lett. 2016, 13, 747–751.
[CrossRef]
Castelluccio, M.; Poggi, G.; Sansone, C.; Verdoliva, L. Land use classification in remote sensing images by
convolutional neural networks. arXiv 2015, arXiv:1508.00092.
Chaib, S.; Liu, H.; Gu, Y.; Yao, H. Deep feature fusion for VHR remote sensing scene classification. IEEE Trans.
Geosci. Remote Sens. 2017, 55, 4775–4784. [CrossRef]
Qi, K.; Guan, Q.; Yang, C.; Peng, F.; Shen, S.; Wu, H. Concentric Circle Pooling in Deep Convolutional
Networks for Remote Sensing Scene Classification. Remote Sens. 2018, 10, 934. [CrossRef]
Gong, X.; Xie, Z.; Liu, Y.; Shi, X.; Zheng, Z. Deep salient feature-based anti-noise transfer network for scene
classification of remote sensing imagery. Remote Sens. 2018, 10, 410. [CrossRef]
Huang, L.; Chen, C.; Li, W.; Du, Q. Remote sensing image scene classification using multi-scale completed
local binary patterns and fisher vectors. Remote Sens. 2016, 8, 483. [CrossRef]
© 2020 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access
article distributed under the terms and conditions of the Creative Commons Attribution
(CC BY) license (http://creativecommons.org/licenses/by/4.0/).

