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Figure 1. The aircraft type recognition framework
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Figure 3. The structure of the key points detection branch
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Hey(rE)  1CkED)  20hE) 3R 48R s(AER)

K S 171 171 171 171 171

B g 167 156 163 115 97
HETf3R 97.7%  912%  953%  672%  56.7%
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3.2 CRF Y\HLHEBREL B, AR, CRFFEEAEW NG HbsE L2407y
VR FE ) 265 7 38 JER B2 AR ORI HE 1) ROL E A SEL VRN THE B BT S SR AR UG Bl R

R CREFEMW G IS R WESH R, BIFE/RT MHATEEES.

RSODH4f5 4 Hh 38 5245 S e RALAS W A0 43 1 (1) 25

=

e (@) JFUGE () BAREIEER (o) (AR R (d) (o) RIFBBOKIE

Note: (a): Original image (b): Target segmentation result (c): Boundary refinement result (d) (e): Local enlarged image

&l 8.CRF }§{LHEEIL 5
Figure 8. CRF refines the mask boundary
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Figure 9. The 11 types of aircraft templates
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C-5 Boeing

B-1

B 10.8m4EH KHL RS R E Rl
Figure 10. Example of aircraft type recognition results on our data set

confusion matrix

B-1 .0.00 0.00 0.00 | 0.02 0.00 0.00 0.04 |0.00 0.04 0.00

B2 | 0.00 .0.00 0.02 | 0.00 0.00 0.00 |0.00  0.00 0.000.00
0.8
852 | 0.00 | 0.00 . 0.02 | 0.00 0.00 0.00 |0.00 0.02 0.00 0.04
¢5 | 0.00 | 0.00 0.02 . 0.02 0.00 0.00  0.00 | 0.00 0.04 0.04
c130 | 0.00 | 0.00 0.00 0.04 . 0.02 0.00 | 0.00 | 0.00 0.02 |0.06 8
T I
o
% Dc4 | 0.02 000 0.00 000 0.02 0.00 | 0.00 | 0.00 0.00 |0.02
3
g I I — I
e3 | 0.00 | 0.00 0.02 0.00 | 0.04 0.02 ‘. 0.00 | 0.00 0.02 |0.02 0.4
F-22 | 0.06 | 0.00 0.02 0.00|0.04 0.00 0.04 . 0.00 0.00 |0.04
kc-10 | 0.00 | 0.00 0.00 0.02 | 0.00 0.00 0.00 |0.00 . 0.06 | 0.02 -
kc-135 | 0.00 | 0.00 0.00 0.06 | 0.00 0.00 0.00 |0.00 0.04 . 0.02
Boeing | 0.00 | 0.00 0.04 0.06 | 0.00 0.00 0.04 0.00  0.00 0.00 .
— 0.0

B-1 B-2 B-52 C5 C130 DC-4 E3 F-22 KC-10 KC-135 Boeing
Predict label

B 1A LR IR E
Figure 11. Confusion matrix of our method
SREEERSN, RSO R B EGC R AT WILE R a R AT, ZISIEI’JE&EE’%#J#%L_ SR
PRATIN SR SR, MRS R 120, Hedh BREAT RHLH AR AR 5 AL SR U T B A B Y
() L AL 35 O SO A SR R A )KL, Bk
B OHENIZRIR AR IEFIRA, ()59 WL SR 45
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(b) F b il &35 2

(b) Target detection result

(a) BB 18 St

(a) Remote sensing image data

D '4"' C-130

@ e
I
@ C-130

(DBoeing (2Boeing (3Boeing

@Boeing (G)Boeing (©Boeing

(d) B iU 45 2R

(d) Type recognition result

(c) dRfLIL 5+

(c) Refinement of the boundary

H 12,85 R514 R

Figure 12. Type recognition results
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Yl
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R IX LR SH
Table 3. Comparative experimental parameters
T3l TIERR K WA it WEHE W ESE
zernike FE+SVM  HLER 21432 11 H b E& LCREs 2200 110
Mask R-CNN — AL o s O
ndtoond)  PPFRBAE 1 MG (EOERORS 73 10
YOLOvV5 —ns o =
(end o) SR 11 1% o B+ 5 320 110
F bR i+7> 1 (AL RS (HES
AT 11 EES 738 110
+SRHE RS K AT

Mask R-CNN

(a)

(b)

e (a) ERIRTI.
Note: (a) Correct identification.

(b) IR IRF/A R
(b) Misidentified/Unidentified

& 13.Mask R-CNN 5 YOLOVS5 3 3 5l 45 o~ 61l B
Figure 13. End-to-end detection results of Mask R-CNN and YOLOvVS

R ANFATTERRAERE

Table4. Recognition accuracy of different methods

e WCHLZEA S BS R TARG
@) zernike Fi+SVM 11 73.60%
) Mask R-CNN(end-to-end) 11 68.30%
® YOLOv5(end-to-end) 11 79.04%
@ GAN+ROI+SVM(Zhangy, et al.2018) 8 92.73%
® And spars]ZBBII\’I (V\‘?,\l’te%?SDIE?},VIet al.2015) > 88.93%
© RIT5 i 11 89.0%
B3 SRR T % 5 0 28 ) 6% i 21 oy 7 v R Al LA S 0 (2) ARSI VAR A E AR A

RN, RATRTS TR IR R Rt thah
Rorkn, X THE—MITEL, zemike iER AT H T
MR RE IS, GRS A Ry PR £
S PRSI0 X 28 8 ROL H A I b B A B AR E 1 1k
fig, EAERSIRBINES b, AR2 WEHRIR R .
(1 KHUAMBIARARUE =, BRI ZE AL TR
AR ML MBEREIRST . DURHLES S0 LA
JITHT o SR PR P X 258 At o 21 3y B 5 R0, |y 1R
LB HER R, A RS WL 2=
TR/, PRI BERSATIN KL H R (E A BEHER

2% U HRT U RS, 1 SRl AL, R
1) 245 R AT 25 F 8 n e 22 (R RS AR DL E 7 v ok s
W, AE TR R R e MR SE R T T A BT s, 1R
A H T IR AL AT

J7 @5 771G 43 B AE BRI S Fh 1Y 5 1 K AL
1 92.73%F188.93% R IR R, (HILZHI 72
PEELARSCHI112808 > . WNGEIRE, R UTiEGEA M
Refc T, S2an T X HEE ) J5 Ab B 5 25 T OCEE s 1 &
MUEEAL, B 780 R WHLRTER AR SHE B
BEAT RS 0, PR T3 Ah 7%, 7RISR 4
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Table 5. Ablation study of our method
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v v v 56.42%
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Aircraft type recognition method by integrating target segmentation and key
points detection
LIU Siting"2, WANG Qingdong'!, ZHANG Li', HAN Xiaoxia!, WANG Baogqian', LIU Yuxian?
1.Chinese Academy of Surveying and Mapping, Beijing 100830, China;
2. Faculty of Geomatics, Lanzhou Jiaotong University, Lanzhou 730070, China;
3.Shenzhen Investigation & Research Institute Co.,Ltd, Shenzhen 518026, China
Abstract: Objective: Aircraft detection by deep learning is a hot field in remote sensing image analysis. However, due to the
limited perspective of satellite imagery and high similarity in appearance, aircraft type recognize is still a challenging task.
The existing deep learning methods cannot be satisfied with the fine-grained aircraft type recognition tasks well, which
require a refined lables for datasets. Thus, for recognizing aircraft type recognition in remote sensing images, in this paper,
we propose an target segmentation and key points detection integrated aircraft type recognition method.

Method: The method organically combines the multi-task deep neural network with the conditional random field and
template matching algorithm, and achieves the high-precision recognition of the aircraft type by means of "pre-training,
fine-tuning, post-processing". First, based on the multi-task learning and transfer learning technology, the aircraft target
position, mask and key points recognition are realized. Secondly, in order to facilitate the high-precision template matching
in the later stage, the aircraft target mask refinement algorithm and the key-points based mask attitude adjustment algorithm

are proposed to achieve the boundary refinement of the recognition target and the aircraft target mask attitude adjustment.
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Finally, based on the aircraft type template library constructed in this paper, the refined aircraft mask information is matched
with the template library to recognize the aircraft type.

Results: The algorithm was applied to the MTARSI data set and remote sensing images for verification. The results
showed that the recognition accuracy of 11 types is 89%. Aircraft with simple structure and unique shape have higher
recognition accuracy, such as B-2, B-1, etc., while aircraft with complex structure and high similarity with other types of
shapes have lower recognition accuracy, such as E-3 reconnaissance aircraft. The algorithm is compared with traditional
algorithms and end-to-end deep learning methods, and the results show that our method on the 11 types of aircraft get 15.4%
and 20.7% more accurate than the two contrasting methods, respectively.

Conclusion: The use of target segmentation and key points information has achieved good results in model recognition
on high-resolution remote sensing images. However, limitations remain in the breadth of identifiable aircraft types.
Therefore, further research is needed.

Key words: Object detection; segmentation; key points detection; conditional random field; aircraft type recognition;
Supported by: 1. National Key R&D Program of China (N0.2019YFB1405600); 2. Shenzhen Technical Research Project
(No.JSGG20191129103003903);
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