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Airport Detection Method Combined with Continuous Learning of
Residual-Based Network on Remote Sensing Image
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Abstract In the existing high-resolution and large-scale target remote sensing image object detection, the traditional
method cannot achieve airport target recognition from optical remote sensing images quickly and accurately due to
the single feature extraction and slow speed. Inspired by the hierarchical cognition of the human visual system, the
continuous learning of residual-based convolution neural network (CLRNet) suitable for medium and high resolution
optical remote sensing images is proposed. Firstly, the depth residual block is constructed as the feature extraction
network. Secondly, the continuous learning method is used to fine tune the airport detection model from the massive
remote sensing data. After continuous learning process, the model with strong robustness and low forgetting degree
is obtained. The model can accurately and quickly identify airport from optical remote sensing images under massive
and complex backgrounds. Our model has a better recognition effect for airports covered by thin clouds or
incompletely captured by satellites. The domestic Jilin-1 satellite image dataset is selected for testing. Experiments
show that the accuracy of the detection method mAP (IoU is not less than 0.5) can reach 0.9613, and the detection
speed can reach 0.23 s per scene.
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Fig. 1 Flow chart of airport detection method combined with continuous learning of residual-based network
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Fig. 5 Visualization of the feature map of the target in the image by the residual network. (a) Original true color image; (b)

; (b) 64

feature map from 64 convolution kernels; (c) feature map from 1024 convolution kernels; (d)

map obtained from classification regression and border regression

2.6

()
2.0
S Z
215 8
I =
@ —— loss_class —— loss_xy 2
Q1.0 F <
= loss_wh —— loss

1 51 101 151 201 251 301
Epoch

1.0
0.9
0.8

o2
= RN

0.5

=
e

0.3

| (b)

101

151
Epoch

; (b)

recall
precision
e F,
201 251 301

Fig. 6 Verification set loss function decline curve and accuracy test. (a) Loss value decline curve;

(b) accuracy test curve

class . 6 (a)
,  6(b) 3
N F, 3.1
. , 250
epoch , 2147

1628005-7

70%:15%:15%,

N

3068
,460

Jilinm101 A, Jilin-




1SP Jilin-GF03 , Intel(R)Core(TM)i7-5930K CPU, 64 GB,
2.88~4.24 m, 1 o GTX Titan X GPU@12 GB o
Ubuntu-16.04 ,3.50 GHz
1
Table 1 Airport object remote sensing dataset of Jilin-1
Vear Original panchromatic Original multispectral Network input Detected Total
resolution /m resolution /m resolution /m number /scene images /scene
2016 0.72 2.88 14.4 2387 63645
2017 0.72 2.88 14.4 1206 47863
2018 0.72—0.92 2.88—3.68 14.4-18.4 4401 172311
2019 0.72—1.06 2.88—4.24 14.4-22.0 4200 191311
3.2 0.5.1.2; C 1:1.1:2 2:1);
2 s 350;nms 0.65;
3X3 1X1 (localization loss weight)  1.5;
shotcut . ResNet 50 (objectness loss weight) 1.0,
. DenseNet  ResNet-152 .
. 1 LK s Ko (stage balance fraction) 1:2;
K., Residual block yS R L2
' P o s 0.0001;
RPN , (localization loss weight)  2.0;
anchor scales 9  36;anchor ratios (classification loss weight) 1.0,
2
Table 2 Airport object detection network structure combined with residual block network
Module Kernels’ number Convolution parameter Input Output
Conv 1 64 K.7X7,s:2, p:3 896 X896 X3 448X 448X 64
MaxPooling 1 64 K:3X3,s5:2, p:1 448X 448X 64 224 X224 X 64
Conv 2 64 K.1X1, s:1 224 X224 X 64 224 X224 X64
Conv 3 192 K:3X3,s:2, p:1 224X 224X64 112X112X192
MaxPooling 2 192 K:3X3, s5:2, p:1 112X112X192 56 X56 X192
Conv 4 192 K:3X3, s:1, p:1 56 X56 X192 56 X56 X192
MaxPooling 3 192 K:3X3,s5:2, p:1 56 X56 X192 28 X 28 X192
Residual block 1 256 K. :3X3, Ky :1X1 28X 28 X192 28X 28X 256
Residual block 2 320 Ko :3X3, Ky :1X1 28 X 28 X256 28 X 28 X320
Residual block 3(X3) 576 K1 :3X3, Ky :1X1 28 X 28 X320 14X 14 X512
RPN Conv 256 K.:3X3,s:1. p:1 14X 14 X512 14X 14X 256
ROI Pooling - - 14X 14X 256 4096 X1
Fully connected layer - - 4096 X 1 2048 X1
3.3 ( . . . )
3.3.1 o s

CLRNet

o

CLRNet 1st stage
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7 . (a) ;(b) ;
(o) 3 (d)
Fig. 7 Airport object detection results in remote sensing images under different background environments. (a) Test result in
hilly area environment; (b) test result in desert environment; (c) test result in an island environment; (d) test

result in port environment

(d)
8 . (@) ; (b) (o) 3 (d)

Fig. 8 Misclassification caused by background texture similar to airport objects. (a) Bridge facilities;

(b) industrial park; (c¢) highway; (d) structured experimental field
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Fig. 9 Airport object detection results under interference conditions. (a) Cloud interference; (b) sweeping incomplete;
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10 . (a) CLRNet 1st stage ; (b)
CLRNet 2nd stage ; (o) CLRNet 1st stage ;
(d CLRNet 2nd stage
Fig. 10 Comparison of airport detection results in continuous learning mode. (a) CLRNet 1st stage detection results under
the condition that the target texture shape is similar to the airport; (b) CLLRNet 2nd stage detection result under the
condition that the target texture shape is similar to the airport; (c¢) CLRNet 1lst stage detection result under

background environment interference; (d) CLRNet 2nd stage detection result under background environment

interference
R 3
IoU i Table 3 Precision and efficiency of different detection
(mAP") . methods for airport object
Average
’ loU Method Precision  Recall mAP™ detection
0.5 0.8, time/s
., SSD! 0.9201  0.9355  0.8817  0.12
mAP" YOLOv3'!" 0.9322  0.9412  0.8446  0.09
, Faster R-=CNNM" 10,9500 0.9631  0.9318  0.75
, Method of Ref. [19] 0.9671 0.9465  0.9451 0.34
3 ) .SSD'T YOLOw3™] CLRNet Ist stage  0.9720  0.9581  0.9477  0.23
; Faster R-CNN® CLRNet 2nd stage  0.9872  0.9913  0.9613  0.23
; [19]
3 : CLRNet 2nd stage . .
Faster R-CNN, )
[19] 3.1626.1.71%., o ?
69.3%  32.3%; SSD  YOLOw3 ; ;
CLRNet s o o
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