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Detection Based on Deep Pruning
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Table 1 Experimental parameters

Argument Value
Learning rate 0.001
Learning rate decay 0.1
Learning rate decay step 5
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Remote sensing immge target detection based on mukscale deep

feature fusion network

Fan Xinnar, Yan Wef, Shi Pengfeli, Zhang Xuewt
1. Hohai Universty, College of Internet of Things Engineerinjangsu 28022, Chira

Abstract: Objective: Some existing target detéah algorithms are insufficient for feature extraction in
remote sensing images and cannot solve the difficult problem of large targetstsakences in remote
sensing imagesespecially in thedetection of small targets, which leads to low average ctiete
accuracy. In response to these problems, this paper useadter RCNN (Faster Region Convolutional
Neural Networks) algotihm as the basic algorithm, and condsrthe target chacteristics in the remote
sensing image to improve the basic aldum{ and finally proposes a new remote sensing image target
detection algorithm.

Method: First of all, the ResNet (Residual Networksjth more powerful feature extraction
capabilities isused to replace the VGG (Visual Geometry Group) network in the aligilyorithm to
solve the shortcomings of the original algorithm's insufficient feature extraction of remote sensing
images. The dgeresidudnetwork adopts the identity mapping methadhich not only ensures that the
performance of the network will notedrade as the network deepens, but also extracts deeper features.
Secondly, a feature pyramid network is added to the algorithmully fntegrate feature maps of
different scales. The &ure map obtained in this way has both Highel semantic informadin and
low-level detail information. Therefore, category information and location information can be taken into
account. To a certaiextent,it can solve the difficult problem of largarget scale differences in remote
sensing images, and can improve thetection accuracy of small targets greatly. In addition, the focal
loss function is used to replace the cross entropy loss funatidhe original algorithm to solve the
problem of theweight of the hard and easy samples to the total loss. Finallyew of the problem that
the used data set contains a small number of images, the data set is expanded using data augmentation.

Result: In order to verify the effect of this algorithm, twsets of comparative experiments were
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carried out. The first set ofxperiments is the ablation experiment on the NWPU VHRdataset and
RSOD-Dataset of the improved modules proposed in this papersecond set of experiments is the
comparison experimerof the algorithm in this paper and other comparison algorithmsher\iwPU
VHR-10 dataset. The results of the first set of ablation experiments show that the various improved
modules proposed in ihpaper can help improve the accuracy of target detedtioremote sensing
images, which also makes the target detectiomi@ay rates of algorithm in this paper can reach 93.4%
and 93.0% on the NWPU VHRO dataset and RSGDataset respectively. The rdts of the second set

of comparative experiments showaththe target detection accuracy of the proposed algorithm is better
than the comparison algorithm, which further proves that the proposed algorithm has good performance
in the field of remote sengjrimage target detection.

Conclusion: The remote sensinignage target detection algorithm proposed in this paper can better
sdve the difficult problem of large difference in target scale in remote sensing images, eandat
improve the target detection @agacy of remote sensing images, especially the detectcuracy of
small targets.

Key words: remote sensing image; objedetection; feature extraction networkeature pyramid
network;loss functiondata augmentation
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