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Abstract— Remote sensing scene classification aims to assign
automatically each aerial image a specific sematic label. In this
letter, we propose a new method, called self-attention-based
deep feature fusion (SAFF), to aggregate deep layer features
and emphasize the weights of the complex objects of remote
sensing scene images for remote sensing scene classification. First,
the pretrained convolutional neural network (CNN) model is
applied to extract the abstract multilayer feature maps from
the original aerial imagery. Then, a nonparametric self-attention
layer is proposed for spatial-wise and channel-wise weightings,
which enhances the effects of the spatial responses of the
representative objects and uses the infrequently occurring fea-
tures more sufficiently. Thus, it can extract more discriminative
features. Finally, the aggregated features are fed into a support
vector machine (SVM) for classification. The proposed method
is experimented on several data sets, and the results prove the
effectiveness and efficiency of the scheme for remote sensing scene
classification.

Index Terms— Deep feature fusion, deep learning, remote
sensing scene classification, self-attention.

I. INTRODUCTION

IN recent years, with the rapid development of the satellite
imaging technology, a large number of high-resolution

remote sensing images available, which contain a lot of
scene-semantic information, enable us to measure the Earth
surface with detailed structures [1]. For aerial-image interpre-
tation, a lot of studies have been done [2]–[5], and remote
sensing scene classification is the fundamental problem that
aims to label a great amount of images without human inter-
vention. However, the complex contents in the high-resolution
images are also a big challenge for remote sensing scene
classification.

In general, remote sensing scene-classification methods
can be divided into three main classes: low-level methods,
mid-level methods, and high-level methods [1]. Low-level
methods [e.g., the scale-invariant feature transform (SIFT) [6]]
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are supposed to use handcrafted features such as spectral,
texture, and structure, which are the low-level visual features
of the images, to distinguish the different classes of scenes.
Mid-level methods rely on mid-level visual representation,
which is encoded by the local features extracted from man-
ually designed models [e.g., codebook in the bag of visual
words (BoVW) [7]]. High-level methods are usually based on
constructing deep learning networks [e.g., convolutional neural
network (CNN) [8]] to obtain efficient visual information for
scene classification. Recently, deep learning methods have
achieved impressive performance on many computer-vision
tasks, such as image classification [9] and image retrieval [10].
It has shown that deep learning can obtain deep and abstract
feature representations, which has achieved some state-of-
the-art results for remote sensing scene classification. While
the low-level and mid-level methods just use the shallow
local features that cannot be effectively adapted to various
scenes, the high-level method can learn more discriminative
and abstract semantic features through deep learning net-
works. Thus, deep-learning-based algorithms are often used in
remote sensing classification. According to the characteristics
of remote sensing scene data sets, training from scratch is pos-
sible to cause overfitting due to the small number of training
images, and so, most works tend to use a pretrained model to
extract features, such as VGG-VD16 [11], and AlexNet [8],
which can easily get deep features without high computational
cost. However, how to use efficiently the features obtained
from the pretrained models is an urgent problem.

Meanwhile, attention mechanism, which essentially comes
from the human visual attention mechanism, has shown good
performance on various tasks, such as speech recognition
[12] and object detection [13]. Attention mechanism is first
proposed in neural machine translation [14], which helps to
provide different weights for different areas of input and
extract more meaningful information. Because of the com-
plexity of the remote sensing scene data sets, it is hard to set
weights for a specific region, which can be applied to various
data sets. Building a network for weight computing can be
costly and time-consuming, which may cause overfitting on the
small-scale remote sensing scene data sets. Therefore, finding
a way to use the attention mechanism is difficult but attractive.

In this letter, we propose a new method, called self-
attention-based deep feature fusion (SAFF), to aggregate the
multilayer features extracted from off-the-shelf models for
remote sensing scene classification. The proposed framework
includes three parts. The first part is to extract the convo-
lutional features from the pretrained model. Second, SAFF is
designed to make full use of the spatial and channel responses
and emphasize the importance of the features that do not occur
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Fig. 1. Framework of the proposed SAFF for scene classification. It is composed of three parts: 1) multilayer convolutional feature extraction by a pretrained
CNN, 2) SAFF, and 3) scene classification using SVM classifiers.

frequently by spatial-wise and channel-wise weightings, which
converts the feature maps into aggregated vectors. Finally,
we feed the vectors into a support vector machine (SVM)
classifier with a linear kernel for scene classification. The
proposed method associates the complex content with the
semantic labels of the scene images without costly compu-
tation, which achieves great performance.

The rest of this letter is organized as follows. Section II
briefly introduces the structure of the CNN. In Section III,
the proposed method will be described. Section IV shows
the results of the experiments on different data sets. Finally,
we draw a conclusion and suggest some future works in
Section V.

II. CNNS

A CNN is an efficient deep learning network for extract-
ing deep and abstract features, which transforms the input
image into the final class scores [9]. The classic CNN model
consists of convolutional layers, pooling layers, and fully
connected (FC) layers.

A. Convolutional Layers

The output of the convolutional layers is feature maps,
where each element is obtained by multiple kernels. One
kernel connects only to a local receptive field of the input
feature maps, and its size can be manually adjusted. The
parameters can be initialized by different ways, but differ-
ent regions share the same weights, which is called the
weight-sharing mechanism. Because of the respective field and
the weight-sharing mechanism, the parameters of the CNNs
needed to be trained are much less than the FC networks.
Calculating the dot product of the respective field and a set of
weights will be sent to a nonlinear activation function to get
the output feature maps.

B. Pooling Layers
The pooling layers are usually placed behind the convo-

lutional layers and used to reduce the spatial dimension of
the feature maps. The downsampling is usually operated by
average-pooling or max-pooling on a local region to reduce
the computational cost.

C. FC Layers
The FC layers are the last few layers to transform the pooled

feature maps to a vector, and the last fully connected layer is
a softmax layer that computes the scores for each class.

III. PROPOSED METHOD

Fig. 1 illustrates the overall framework of the proposed
SAFF for scene classification. As can be seen, the framework
is made up of three parts: 1) multilayer convolutional feature
extraction by a pretrained CNN; 2) SAFF; and 3) scene
classification using linear SVM classifiers. The details of this
architecture are described as follows.

A. Multilayer Convolutional Feature Extraction

The CNN model can be simply explained by the underlying
formula

f (X) = fl (. . . f2( f1(X; w1); w2) . . . , wl ) (1)

where X is the input image, w1, w2 . . . wl , represent the
weights of the respective layers, and fl is the activation
function of layer l. The output of each layer will become
the input of the next layer, and, ultimately, the input image
is transformed into a feature vector that can be classified by a
specific classifier. The weights have been pretrained on other
data set that is similar to the remote sensing scene images
and adopting pretrained weights enables us to save a lot
of calculation cost and time. The adopted CNN models are
VGG-VD16 and AlexNet. In the proposed method, we only
use the feature maps of three convolutional layers (conv3-3,
conv4-3, and conv5-3) of VGG-VD16 and three convolutional
layers (conv3, conv4, and conv5) of AlexNet. Since we do not
use the FC layers, the size of the input images is arbitrary,
and more information can be kept. According to different
models, we extract the feature maps of three respective layers
and implement the max-pooling operation on them to obtain
feature maps with the same size as the last layers. Thus,
the final number of feature maps is the sum of the three-layer
feature maps.

B. SAFF

With the pretrained CNN model, we have got a stacked
K -dimensional feature maps of three convolutional layers.
Next, SAFF, as shown in Fig. 2, is constructed for deep
feature aggregation, which is made up of two steps: spatial-
wise weighting and channel-wise weighting.

1) Spatial-Wise Weighting: Different from traditional
sum-pooling [10], weighted sum-pooling is a transformation
that gives spatial-wise weights to stress the characteristics
of complex objects of the scene images. To get the weight
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Fig. 2. SAFF.

map S�, we just use the ratio of each element in the concate-
nated feature maps to represent the importance of each pixel.
Because it is complicated to find out the common and concrete
region that is favorable for scene classification, we focus on
the extracted feature maps. For the concatenated feature maps
X ∈ R

H×W×K , we calculate the sum of X on the third
dimension to get the S ∈ R

H×W , which is shown as follows:
S =

∑
k

Xk (2)

where S is the sum of the concatenated feature map on
the third dimension and Xk represents the feature map of
channel k.

Then, we compute the ratio Sxy
� of each element Sxy to

the sum of S and replace Sxy with Sxy
� to get a weight map

S�, which will be separately applied to the location of each
channel, as follows:

Sxy
� =

(
Sxy(∑

m,n Smn
a
)1/a

)1/b

(3)

where Sxy
� is the weight of the spatial coordinate (x, y) and

Sxy is the element of S. (m, n) represents the location on the
feature maps. a, b are the parameters of normalization, which
are separately set to be 0.5, 2 in the experiments.

Finally, we compute the output of weighted sum-pooling by
the following equation:

� =
H∑

y=1

W∑
x=1

Sxy
� f (x, y) (4)

where � is the output of weighted sum-pooling, H and W
are the height and width of the aggregated feature maps,
Sxy

� is the spatial-wise weights, and f (x, y) is the value of
the corresponding location (x, y) in the concatenated feature
maps X . The spatial-wise weighting enhances the importance
of the salient objects and decreases the effects of unsalient
objects [15].

2) Channel-Wise Weighting: The second step is
cross-dimension weighting [15]. As indicated in [15],
the images of the common classes have highly correlated
channel sparsity, the sparsity pattern of the channels contains
discriminative information, and the sparsity of the feature
maps is used to show the importance of infrequently
occurring features. This step is also operated on the stacked
convolutional feature map X ∈ R

H×W×K . We first obtain the
sparsity by calculating the property of nonzero elements of
each channel, and �k is the sparsity of every channel, shown

as follows:
� = 1

W H

∑
i j

�[λi j > 0] (5)

�k = 1 − �k (6)

where �(·) is the indicator function—if · is True, return 1; else,
return 0. Through weighted sum-pooling, the channels with
frequently occurring features are already activated. Therefore,
we are supposed to improve the ratio of the channels with
infrequently occurring features. The channel-wise weights are
defined as the following equation:

ωk = log

(
K δ +∑h �h

δ + �k

)
(7)

where ωk is the weight of channel k, K is the number of chan-
nels of the concatenated feature maps X , and δ is a small con-
stant if the formula is senseless, which is infinitely close to 0.

After the calculation of the weights, we apply the spatial-
wise weighting maps to the location of each channel and
compute the sum of each channel. Therefore, we get a feature
vector that has the same number with channels. Then, we apply
the cross-dimension weights to the feature vector. Finally,
principal components analysis (PCA) whitening [16] is used to
eliminate the redundant information and reduce the dimension
of the feature vector, which is also a part of channel-wise
weighting. Channel-wise weighting stresses the differences
among the images by increasing the weights of infrequently
occurring features.

C. SVM Classification

Through the self-attention layer, the feature vectors with a
dimension of K � are derived for final classification. Before
scene image classification, normalization is used to avoid
overfitting. For the whole data set, the common operation is
applied. Then, we randomly select feature vectors as training
samples to train a linear SVM, while the rest of the feature
vectors are used to test the effectiveness of our method.

IV. EXPERIMENT

A. Data Sets

In order to evaluate the feasibility and effectiveness of our
method, we experiment this method on several popular remote
sensing scene data sets.

1) UC Merced Land Use Data Set: There are 2100 images
in the UC Merced land use (UC) data set [7] labeled into
21 scene classes. Each class consists of 100 images with the
size of 256 × 256 pixels in the RGB space. The pixel spatial
resolution is 1 ft.

2) Aerial Image Dataset: This data set has a number
of 10 000 images within 30 classes. Each class consists of
images ranging from 220 up to 420. The size of each aerial
image is fixed to be 600×600 pixels in the RGB space. Aerial
image dataset (AID) [1] has multiresolutions, and the pixel
resolution changes from about 8 m to about half a meter.

3) NWPU-RESISC45 Data Set: The NWPU-RESISC45
(NWPU) data set [17] is made up of 31 500 images divided
into 45 scene classes. Each class consists of 700 images with
the size of 256 × 256 pixels in the RGB space. The spatial
resolution of the most images changes from about 30 to 0.2 m
per pixel.
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B. Experimental Setup

In our experiment, two pretrained CNN models, VGG-
VD16 and AlexNet, are applied to extract the multilayer deep
features. For different models, various feature maps are used
for aggregation (conv3, conv4, and conv5 of AlexNet; conv3-3,
conv4-3, and conv5-3 of VGG-VD16). To preserve the spatial
information, we only use the outputs of the convolutional
layers, and thus, it is unneccessary to adapt the size of
our scene images to the fixed input size of the pretrained
models. In order to evaluate the performance of our method,
the experiments are repeated ten times with the training set
consisting of randomly selected samples updated every time.
Specifically, these data sets are divided to training samples and
testing samples with different proportions. The training ratio
of the UC data set is 80%. For the AID, the training ratios are
set to 50% and 20%, while the training ratios are 20% and
10% in the NWPU data set. The final overall accuracy and
standard deviation are determined by the average of ten-time
results.

To validate the effectiveness of the proposed method,
we implement some ablation experiments. First, we set the
spatial-wise weights and channel-wise weights as 1, which
is traditional sum-pooling, to aggregate the last three con-
volutional features maps. Here, these methods are called by
the AlexNet + sum-pooling and VGG_VD16 + sum-pooling,
respectively. Second, our method is only applied on the last
convolutional layer, i.e., AlexNet + single-layer SAFF and
VGG_VD16 + single-layer SAFF. Moreover, the proposed
method will be compared with several classical ways for
classification. The feature vectors obtained from the second
FC layer of the pretrained models is fed into an SVM classifier
for classification, which is regarded as the baseline. The
discriminant correlation analysis (DCA) [18], the multiscale
CNN (MCNN) [19], the spatial pyramid pooling (SPP)-Net
[20], and the bag of convolutional feature (BoCF) [17] are
applied to different data sets to get the best performance. All
these experiments are conducted on a desktop with an Intel
Core i7-8700K CPU at 3.70 GHz.

C. Parameter Setting

In our method, only one parameter needs to be adjusted for
the best performance: the dimension of the feature vectors,
K �. Through the operation of SAFF, the feature vectors that
have the common dimension with the channel of stacked
feature maps are resized to K �-dimension vectors, while K �
is confined between 0 and the number of the channels of
the stacked feature maps. First, in order to get reasonable
performance, the redundant information is ignored, and the
feature vectors are simply set to be the maximum without
reduction in the dimension. Then, we reduce the dimension
step by step to compare the results of different dimensions
of the feature vectors. The parameter K � is then analyzed
on the different data sets. Fig. 3 shows the overall accuracy
changing with the dimension of the feature vectors on the AID
with the training ratios of 20% and 50%. The horizontal axis
represents the dimension of the feature vector, and the vertical
axis shows the overall accuracy of classification. In general,
the overall accuracy is improved, while the length of the
feature vector is increased. When the feature vectors are

Fig. 3. Effect of different dimensions of feature vector on the AID with the
training ratios of 20% and 50%.

TABLE I

COMPARISON OF OVERALL CLASSIFICATION ACCURACY (%)
WITH THE UC DATA SET

TABLE II

COMPARISON OF OVERALL CLASSIFICATION ACCURACY (%)
WITH THE AID

very short, due to insufficient information, the performance
is not good. However, by increasing the length of the feature
vector, the feature is more sufficient, and the precision greatly
improves until it reaches a steady value varying in a small
range. After reaching best results, the accuracy decreases a
little due to some redundant information. As can be seen, when
the dimension of the feature vector K � is 896, the performance
is optimal.

D. Experimental Results

Through a series of experiments, we make sure the suitable
parameters for each data set while using different pretrained
models, and show the overall accuracies of different methods
in Tables I–III. In the tables, the performance of sum-pooling
and SAFF on single convolutional features is not as good as the
proposed method, which verifies that the SAFF and combining
features of multiple layers contribute to final performance.
When comparing with the baseline, our method gets better
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TABLE III

COMPARISON OF OVERALL CLASSIFICATION ACCURACY (%)
WITH THE NWPU DATA SET

results that can be reflected more obviously on the NWPU-
RESISC45 data set, and the overall accuracy is 8% higher
than the CNN method. In [17], BoCF is also proposed to use
the convolutional feature maps for classification. The overall
classification accuracy achieved by our method is 3% higher
than the BoCF on the NWPU data set. The performance of
DCA [18], which fuses the last two FC layers of the CNN
model, is about 89.71%, while our method is 93.83% on
the AID with 50% training sample. Compared with SPP-Net
[20], which used SPP to aggregate the last convolutional
features, our method achieves better performance on all data
sets. In [19], the MCNN constructs two branch networks that
make the network available for the images with arbitrary
scales, whose overall accuracy is about 2% lower than the
proposed method on the AID. On the UC data set, our method
shows almost the same performance with the DCA method.
Although the UC data set is a classic data set for remote
sensing scene classification, the construction of the imagery
is simpler than others. Our method aims to make use of the
complex content of the image to obtain better results; thus,
we cannot greatly improve the overall accuracy on this data set.
From the tables, we can observe that the VGGNet-16 achieves
better performance in our method compared with that uses
the feature maps of AlexNet. The difference is caused by the
depth of different models. The deeper the network is, the more
distinguishable the obtained features will be. The AlexNet
has just five convolutional layers, while VGGNet-16 has
12 convolutional layers. Therefore, the VGGNet-16 is more
competitive for classification. Through a series of experiments
with different pretrained models and different training ratios,
the results prove the effectiveness of our method.

V. CONCLUSION

In this letter, we presented an SAFF method for remote
sensing scene classification by aggregating the convolutional
features extracted from the pretrained CNN models. In order to
reduce the computation cost, the proposed method is dedicated
to reflect the importance of elaborating surface objects and
focuses more on the infrequently occurring features. Compared
with the benchmark and other competitive ways, the aggre-
gated feature processed by the proposed method contains

more discriminative properties for classification. The results
experimented on different data sets verify the effectiveness
of our method. However, there are still some works to be
completed. In the future, we plan to design an end-to-end
network that can automatically calculate the weights without
human intervention.
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