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Abstract
Remote sensing images as a valuable data source in Earth observation can help in measuring and
observing detailed structures on the Earth’s surface. Scene detection in remote sensing images has many
applications in various fields such as urban planning, natural hazard detection, environmental
monitoring, vegetation mapping, and geographic object detection. One of the key problems in the
interpretation of remote sensing images is the scene classification of remote sensing images. Feature
extraction is very important in scene detection and classification. Convolutional neural networks are one
of the deep learning methods that have significantly increased the performance of tasks such as object
recognition and scene classification, but their performance is highly dependent on the number of labeled
images available, which are not available enough especially in the field of remote sensing. Recently,
transfer learning, especially for the fine-tuning of pre-trained convolutional neural networks, has
attracted more attention from researchers as a practical strategy for scene classification in remote
sensing. However, the lack of use of local features and global deep model that is trained on the target
u’ 5 data set is one of the limitations of current methods. Also, if these networks are not deep enough and the
"J) images do not pass through multiple filters, they cannot extract more semantic information, and the
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extracted features do not have high discrimination power, and as a result, scene recognition is not
performed well. On the other hand, the features extracted through local features are very large, and not
using feature selector methods reduces the accuracy of the model. In this research, to solve the
mentioned limitations, a hybrid approach of feature extraction has been proposed in which three types
of features including two types of deep local and global features and one type of manual local feature are
combined with each other. To extract deep features, pre-trained convolutional networks have been used.
The pre-trained networks used are: ResNet, InceptionNet, GoogleNet and EfficientNet_b0. In order to
extract as much information as possible from the images, a convolutional network with 20 fully
connected layers is proposed. Also, a combined feature selection stage consisting of two categories of
filtering and packing algorithms is included in this model. Finally, scene detection is performed using
several different classification algorithms. The different structure of pre-trained convolutional networks
and their appropriate depth can be effective in improving the extraction of deep features. In addition,
the combination of three categories of different features can provide a more comprehensive knowledge
of images. The evaluation of the proposed solution on the UCM, AID, RSSCN7 and NWPU-RESISC45
datasets has obtained the accuracy of 99.27%, 97.91%, 99.09% and 93.09% respectively in identifying
and classifying images. As a result, this solution has shown a better performance compared to the
models that used the manual extraction of features, as well as the methods that use normal convolutional
models.

Keywords: Remote Sensing, Deep Learning, Deep Feature, Hybrid Learning, Pre-Trained.
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(Figure-1): Remote sensing process [5]
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(Table-1): The structure of 20-layer network
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(Figure-3): Proposed approach
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(Figure-7): UCM Dataset Samples
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(Table-2): The parameters of 20-layer model for training
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(Table-3): Chi-squared parameters
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Figure-9): Accuracy and Loss values for UCM dataset
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(Figure-13): Accuracy of features of local descriptors
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(Table-6): Percentage of accuracy for remote sensing
images for UCM database (training ratio 80%)

9y s
BoVW(LBP) [28] YV.AY
BoVW(SIFT) [28] YEAY
VGG19+WSPM-CRC [29] LY ARS
Resnet+Hybrid-KCRC [30] av.ya
GoogleNet [32] af.x¥
VGG-VD-16 [29] 40.¥)
VGG-M+IFK [28] Ara
MLDS [26] aVv.YA
DFAGCN [14] A FA
Proposed Approach .Yy
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(Table-7): Percentage of accuracy for remote sensing
images for NWPU database (training ratio 20%)

&

P9 cds
BoVW(LBP) [28] fEAay
BoVW(SIFT) [28] YYas
AlexNet+SAFF [33] A¥..
VGG-VD16+SAFF [33] AYA$
AlexNet [12] Ya.A0
VGGNET [12] ya.va
GoogleNET [32] YAXA
MIDV-Net_CS [33] AY.A4
RADC-Net [34] AV 5Y
DFAGCN [14] AdYa
Proposed Approach av-q
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(Table-8): Percentage of accuracy for remote sensing images
for AID database (training ratio 50%)

9 <ds
BoVW(LBP) [28] ISR
BOVW(SIFT) [28] Y50
VGG19+WSPM-CRC [29] ay.ov
Resnet+Hybrid-KCRC [30] ay.AY
CaffeNet [31] AdLOY
VGG-VD-16 [31] ASF
GoogleNET [31] INAR
VGG-VD16+SAFF [33] ¥ AY
MF2NET [35] AfAF
VGG-16-CapsNet [36] EAAA
DFAGCN [14] FAA
Proposed Approach av.ay
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(Table-5): Percentage of accuracy for remote sensing
images for RSSNC7 database (training ratio 50%)

95 s
BoVW(LBP) [28] A 54
BoVW(SIFT) [28] MYF
VGG19+WSPM-CRC [29] 1.
Resnet+Hybrid-KCRC [30] avsy
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