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Abstract

In air-to-ground remote sensing detection, the object has the characteristics of small field of view and

single viewing angle, which is susceptible to background interference. At the same time, the height of the field of

view varies greatly, which brings challenges to the traditional deep learning detection algorithm. To solve the

problem, a scene-coupled multi-task object detection algorithm is proposed. First, a new scene-coupled object

detection network structure is designed, which mirrors and fuses the scene classification feature map and the object

detection feature map on the same scale to enrich the fine-grain of the feature description. Second, a differentiated

activation module is designed to realize the importance screening of feature channels. Then,

the optimization

function of multi-task coupling is derived, which can simultaneously optimize the scene classification loss and object

detection loss. Finally, an air-to-ground detection multi-task dataset is established to verify the effectiveness of

proposed method. The experimental results show that the proposed algorithm effectively improves the accuracy and

robustness of air-to-ground small object detection,

and can adapt to different heights to identify multi-task

requirements, which provides a new idea and method for space-based unmanned platform intelligent detection.
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Fig. 1 Air-to-ground variable resolution scene. (a) High-
altitude vision; (b)) middle-altitude vision;
(c) low-altitude vision
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Fig. 4 Information activation module. (a) Synchronous activation; (b) asynchronous activation
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Table 1 Two feature map channel fusion methods

(synchronous activation, VGG16)

Base Channel Channel

model addition mAP /% concatenation mAP /%
SSD 82.13 86.63

FSSD 86.78 90.45
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Base Object Scene
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Table 3 Effect of synchronous and asynchronous activations

on accuracy of object detection

Base Synchronous Asynchronous
model activation mAP /% activation mAP /%
SSD 86.63 84.31

FSSD 90.45 88.36
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Table 4 Scene-coupled multi-task model detection results based on different feature extractions

Object detection task
Feature

Scene classification task

] AP /% precision /% Frame rate
extraction ; "
Car Truck Airplane Boat Town Airport Waters
VGG16 91.97 77.51 98.42 93.91 98.32 98.75 99.01 30
ResNet50 93.12 84.23 99.17 94.67 99.31 99.12 99.52 14
MobileNetsv2  84.76 79.34 88.45 86.56 98.22 97.43 98.32 46
Darknetv2 83.13 77.21 85.31 82.14 97.51 98.21 98.77 40
#5 AKUE L GESERIN L
Table 5 Comparison of proposed algorithm with traditional object detection models %
AP
Algorithm - mAP
Car Truck Airplane Boat
SSD-VGG16 84.24 67.22 98.31 89.77 84.89
FSSD-VGG16 88.87 69.45 97.62 92.28 87.05
Proposed-VGG16 91.97 77.51 98.42 93.91 90.45

B 6 A 24T 45 R (VGGL6) B IE 4 ] #L Ak 45 51

Fig. 6 Visualization results of scene coupling multi-task model (VGG16) validation set

3.3 ERGEMEALRMILE

TEAN TR RUBE 35 56 25 %) b A 0 35 Y A9 4 95 26
RIRTE R A8 . S WL BRI AR 78 R RUBE b (8T 7)
I s 2 WL H AR AL, Rl ) AR SR TR 2
RGN B 95 T 1 S B BR 05 4 s A RO K, AR AR
1) 2 % i % T 3 5 28 ) CAn bl T L
55 B F U DU DAy B Sy 3 AT 55 5 LB B R AR T
ANRUEE B F AR S A5 220 7  OAT 3K i A sz 0 47
N8 il AT 55

T 5 E W 2% 1) 37 s BT RE o AR SCR T 36 IE
L P 900 5K 3 837 SO I G A 1) b S B B bR A
DA RYFEAT T SCH 50 IF , B0 iE 45 R 4k 6 B , S
W2 R W AR SR AR AR [ REAE £ B 45 T 34 B
HUAS A RS 2

Z BN SCHRL 14T RS K B AR SCHE Tk 1 3 55 Ik
HIBE T SEHL T 25 [ AR A3 HR g S W . 1 SR A
R BR R B H AR S AL K [ 3 J v B 1 LT R %
AT IS AL . B T A SCEE SR RSE R/ 300 pixel X

1215008-7



% i

6 AN[AVRAAE B IO 2% T 8 BT o o A SR
Table 6 Classification results in remote sensing

scenes under different feature extraction networks

Feature Precision /%
extraction Town Airport Waters
VGG16 98.44 99.75 99.11
ResNet50 98.51 98.98 99.43
MobileNetsv2 97.32 97.93 98.92
Darknetv2 97.73 97.66 98.57

town
L)

”«‘ﬁ R

300 pixel ~500 pixel X500 pixel, K F] 4 X4 W#& %}
BT R AT VI E] B4 B A& 7T LA BR i 75 4 SO 80
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AL FE R 2 T s B AL & 8 20 4 /N8 R
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B 7R,
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Fig. 7 Sequential scene change resolution target search. (a) Far view rasterization scene perception schematic;

(b) high-altitude scene-aware guided object detection
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