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Hoo (EAFERERE, H TR AU 2R Al i
BRI L8 « 2 11 LU A1 A AR 4 rh B LA,

It H B XS U B a e AT S AR Rl A 1 . A AR Y
MRS BE(E L2 1, 2. MR 1A RSOD Eidla 4E ks
JEXT AT DLE . 25 A B A SRR Z R
JEE T 1 RS T A M A1 422 4 FD P A 2 2T E A D
HEZR 18 77 4553 A 2.69% 1 2.38% (1) -2 U Af JiE (1)
T B RGBSR T A AR T . B
WL G TR 0.88% HUSE YIRS RS . TER 2
NWPUVHR10 £ 48 b 0 kG R W] . 456 Bt il
G SRR B 2 U 7 1k L ) WA X 4 7 i Mg
FEAALH HARX T e . B w LA e
PIRGBESETE T 3.96% . Wi B4R 1 25 Ui 4
B G 1 A N 2% M B BRI AR BEME R, Al
PR ELA U ) P RE S T2 AL RE T

&1 RSODHIEELANELINH APSOFEEXTLL

Table 1 The AP50 accuracy comparison for category balance experiment in RSOD dataset

1%
Tk
2 OHEM Libra R-CNN
(Shrivastava %5 ,2016) (Pang%,2019) FoveaBor & aug Fovealiox &usion
Aircraft 81.49 81.60 89.67 89.55
Overpass 87.47 89.08 85.47 88.92
Playground 98.55 97.65 99.41 99.79
Oiltank 90.33 90.76 90.53 90.35
SFHREBE mAP 89.46 89.77 91.27 92.15
T I RARFRR AT RS B A o
#&2 NWPUVHRI10 47 £ K7 LI H) APS0 45 B XTLL
Table 2 The AP50 accuracy comparison for category balance experiment in NWPUVHR10 dataset
1%
Tk
eS| OHEM Libra R-CNN
(Shrivastava £ 2016) (Pang %2019 FoveaBox & aug FoveaBox &fusion

Airplane 98.66 99.99 99.99 99.32
Ship 75.15 71.59 80.42 95.75
oil tank 84.47 91.61 90.92 92.56

BD 98.30 99.78 99.01 98.95
TC 93.35 95.65 96.94 99.82

BC 96.35 98.64 94.60 100

GTF 99.92 100 100 100
Harbor 95.56 96.15 100 100
Bridge 83.09 84.00 87.65 92.00
Vehicle 68.80 68.86 84.20 94.92

S PREIE mAP 89.37 90.73 93.37 97.33

TE: AR NLAT ok e
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R BEE SR A RV E R 1 22 XL JEE I 2 7 3
SR AR, 3 5I7E RSOD #INWPUVHR 10
PB4 EAE TS xF e, A 3 iR, RSOD
Bt A RS B AR I S AR Al A R AR BE B
Z RUE M2 R PERE T I 75 o BLAR X LRt
oA 2 ROERAAE S £ 5 R A R AL T T

0.12%, {H T RSOD Hda 4k b R &4 412851,
YNGR AN o # KRB Sy o i H.,
ANZEBN TR AU SR EHRBOR Fe A 22 A K, T
PAAE 22 N R ik 28 6 A5 R B ) R AT i) O 3 A
ARAF AR BRI R Rl B D

&3 RSODHIFEE APSOFEEXTLL
Table 3 The AP50 accuracy comparison in RSOD dataset

1%
ik
il gE Faster RCNN SSD300 FPN RetinaNet FoveaBox
(Ren’$.,2017)  (Lin’§,2016)  (Lin%,2017h)  (Lin§,2017a)  (Kong’,2020) - cabox &fusion

Aircraft 90.02 77.07 81.59 86.88 89.30 89.55
Overpass 66.32 80.42 79.57 81.98 89.21 88.92
Playground 89.32 100 100 99.79 99.01 99.79
Oiltank 90.25 90.27 90.45 90.61 90.59 90.35
SEEIREBE mAP 83.98 86.94 87.90 89.81 92.03 92.15
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Table 4 The AP50 accuracy comparison in NWPUVHR10 dataset

1%
ik
At gE Faster RCNN SSD300 FPN RetinaNet FoveaBox FoveaBox &fision
(Ren%#,2017)  (Liu%,2016)  (Lin%%,2017b) (Lin%%,2017a) (Kong %% ,2020)
Airplane 97.83 98.35 99.33 99.32 100 99.32
Ship 78.66 71.02 71.65 72.41 89.58 95.75
oil tank 90.68 80.35 87.12 79.63 93.02 92.56
BD 89.99 88.40 97.98 99.10 98.36 98.95
TC 80.85 89.27 94.28 94.07 94.08 99.82
BC 58.80 70.91 83.45 96.43 97.05 100
GTF 95.47 99.45 100 100 100 100
Harbor 80.68 85.94 100 98.79 92.76 100
Bridge 63.33 63.92 92.00 87.83 71.58 92.00
Vehicle 73.09 54.61 79.08 74.04 89.07 94.92
SRS mAP 80.94 80.22 90.49 90.16 92.55 97.33
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Fig. 5 Visualization of test results in RSOD dataset
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Fig. 6  Visualization of test results in NWPU VHR-10 dataset
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Multiscale object detection in remote sensing image by combining data
fusion and feature selection

QIN Dengda,WAN Li,HE Peien,ZHANG Yi,GUO Ya,CHEN Jie

School of Geosciences and Info-physics, Central South University, Changsha 410083, China

Abstract: Remote sensing image object detection based on depth neural network model has achieved great success largely due to the
support of large-scale data sets. However, from the perspective of the existing remote sensing image datasets, the number distribution of
different types of ground objects is inconsistent, and the same type of ground objects is presented in different sizes. This factor leads to the
scale imbalance of ground object samples.

To alleviate this problem, the strategy of weighted image fusion and multiscale feature selection is adopted. First, the pixel values of the
two images in the data set are weighed to obtain the fused image. Therefore, the different types of feature samples are more balanced and
have higher background diversity. Second, the target category of the corresponding scale is predicted by selecting the appropriate scale
feature map, and the same scale target can be predicted on the adjacent feature map. Thus, the model can be trained according to the target
scale. Finally, the bounding box of the target is predicted based on the feature map of the target center area, and the result is more consistent
with the scale of the target itself.

The image fusion and multiscale feature selection network is experimentally compared in the paper on two datasets, RSOD and
NWPUVHRI10. The results show that the trained model is more accurate in the recognition of imbalanced objects in complex background
and can adapt to the recognition of different scale objects in remote sensing images. In addition, the proposed method enhances the diversity
of sample scenes and can be adapted to different scales of targets. Qualitative analysis shows that the proposed method has better robustness
and performance advantages when applied to remote sensing images.

The proposed method can cope with remote sensing images with complex backgrounds, mitigate the effects of category imbalances and
better fit the scenarios in which remote sensing images are used. Mitigation of category imbalances and Scale Selection enhance the
performance of remote sensing image object detection.

Key words: image fusion enhancement, multi scale selection and expression, high resolution remote sensing image, object detection,
convolutional neural network
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