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1 VGG16  

Fig.1 VGG16 network structure chart 
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(a) Two-layer residual learning unit 
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(b) Three-layer residual learning unit 
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Fig.2 Structure chart of two typical residual learning units 
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1

2

3

6

5

4 predict

predict

predict

 
̂b̃  

(b) Multi -scale feature map 

3 ң  

Fig.3 Two kinds of networks for extracting feature maps 
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Fig.4 Chart of the cost function of the loss function 
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Fig.5 Data augmentation result image 
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SGD̂ Stochastic Gradient Descent̃Ȃ 
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Table 1 Experimental parameters 

Argument Value 

Learning rate 0.001 

Learning rate decay 0.1 

Learning rate decay step 5 

Batch size 1 

Epoch 20 

Momentum 0.9 

Optimizer SGD 
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Table 2 mAP comparison of feature extraction 

network comparison experiment 

 NWPU VHR-10  RSOD  

VGG16 82.8% 85.2% 

ResNet18 72.4% 79.9% 

ResNet34 53.8% 81.2% 

ResNet50 85.2%  89.9%  

ResNet101 83.9% 89.3% 

ResNet152 82.9% 88.0% 
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Table 3 mAP comparison of ablation experiments between modules 
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(a) P-R curve of original algorithm on NWPU VHR-10 dataset   (b) The P-R curve of this algorithm on NWPU VHR-10 dataset  

 

 
̂c̃ RSOD ҉ P-R                 ̂d̃ RSOD ҉ P-R  

          (c) P-R curve of original algorithm on RSOD dataset          (d) P-R curve of the algorithm in this paper on RSOD dataset 
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Fig.6 P-R curve comparison chart 
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Fig.7 Images of target detection before and after algorithm improvement 
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ҹ ѿ ̆ NWPU 

VHR-10 ҉̆ ҍ BOŴXu ̆

2010̃ ȁ № COPD̂ Collection of 

Part Detectors̃̂Cheng 2̆014̃ ȁRICNN̂ Cheng



 

 

2̆016̃ ȁFaster R-CNN̂ Ren 2̆016̃ ȁODDP

̂Wang ̆2019̃ ȁMask R-CNN̂He ̆2017̃

̆ 4 5 ̔

4 7э NWPU VHR-10 Э mAP  

Table 4 mAP comparison of 7 algorithms on the NWPU VHR-10 dataset 

≢ BOW COPD RICNN Faster R-CNN ODDP Mask R-CNN  

 25.0% 89.1% 88.4% 98.6% 90.8% 93.0% 99.9%  

 58.5% 81.7% 77.3% 80.8% 88.3% 75.5% 90.7%  

Ữ  63.2% 97.3%  85.3% 49.1% 86.2% 92.9% 89.5% 

 9.0% 89.4% 88.1% 90.9% 90.6% 90.4% 92.4%  

 4.7% 73.3% 40.8% 79.2% 81.2% 90.3% 99.2%  

 3.2% 73.4% 58.5% 93.1%  90.9% 91.2% 90.8% 

 7.8% 83.0% 86.7% 100.0%  89.6% 95.2% 90.7% 

 53.0% 73.4% 68.6% 77.7% 89.8% 75.2% 99.2%  

 12.2% 62.9% 61.5% 73.4% 80.8% 60.6% 90.9%  

 9.1% 83.3% 71.1% 85.5% 78.8% 74.2% 90.3%  

mAP 24.6% 80.7% 72.6% 82.8% 86.7% 83.9% 93.4%  

̔ⱴ ᵣҹ ᴨṿȂ 

5 7э NWPU VHR-10 Э  

Table 5 Testing time comparison of 7 algorithms on the NWPU VHR-10 dataset 

 BOW COPD RICNN Faster R-CNN ODDP Mask R-CNN  

̂s̃  5.32 1.07 8.77 0.08 0.38 0.33 0.10 
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Remote sensing image target detection based on multi-scale deep 

feature fusion network 

Fan Xinnan1, Yan Wei1, Shi Pengfei1, Zhang Xuewu1  
 

1. Hohai University, College of Internet of Things Engineering, Jiangsu 213022, China 

Abstract: Objective: Some existing target detection algorithms are insufficient for feature extraction in 

remote sensing images and cannot solve the difficult problem of large target scale differences in remote 

sensing images, especially in the detection of small targets, which leads to low average detection 

accuracy. In response to these problems, this paper uses the Faster R-CNN (Faster Region Convolutional 

Neural Networks) algorithm as the basic algorithm, and combines the target characteristics in the remote 

sensing image to improve the basic algorithm, and finally proposes a new remote sensing image target 

detection algorithm. 

Method: First of all, the ResNet (Residual Networks) with more powerful feature extraction 

capabilities is used to replace the VGG (Visual Geometry Group) network in the original algorithm to 

solve the shortcomings of the original algorithm's insufficient feature extraction of remote sensing 

images. The deep residual network adopts the identity mapping method, which not only ensures that the 

performance of the network will not degrade as the network deepens, but also extracts deeper features. 

Secondly, a feature pyramid network is added to the algorithm to fully integrate feature maps of 

different scales. The feature map obtained in this way has both high-level semantic information and 

low-level detail information. Therefore, category information and location information can be taken into 

account. To a certain extent, it can solve the difficult problem of large target scale differences in remote 

sensing images, and can improve the detection accuracy of small targets greatly. In addition, the focal 

loss function is used to replace the cross entropy loss function in the original algorithm to solve the 

problem of the weight of the hard and easy samples to the total loss. Finally, in view 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, two sets of comparative experiments were 
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carried out. The first set of experiments is the ablation experiment on the NWPU VHR-10 dataset and 

RSOD-Dataset of the improved modules proposed in this paper; the second set of experiments is the 

comparison experiment of the algorithm in this paper and other comparison algorithms on the NWPU 

VHR-10 dataset. The results of the first set of ablation experiments show that the various improved 

modules proposed in this paper can help improve the accuracy of target detection in remote sensing 

images, which also makes the target detection accuracy rates of algorithm in this paper can reach 93.4% 

and 93.0% on the NWPU VHR-10 dataset and RSOD-Dataset respectively. The results of the second set 

of comparative experiments show that the 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 sensing image target detection. 

Conclusion: The remote sensing image target detection algorithm proposed in this paper can better 

solve the difficult problem of large difference in target scale in remote sensing images, and then can 

improve the target detection accuracy of remote sensing images, especially the detection accuracy of 

small targets. 

Key words: remote sensing image; object detection; feature extraction network; feature pyramid 

network; loss function; data augmentation 
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