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Table 1 Comparison of the current datasets containing

aircrafts with MAR20
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A20
FEI1 MAR20ZHRAE i1 20 Fh US4 4]
Fig. 1 Samples of 20 aircraft types from the MAR20 dataset
*2 F{EHIHEESHMAR20 CHEES
Table 2 Aircraft types of MAR20 included in each airport
GIRZEZ S AL GIRZEA S KA GIRZER S AL GIRZEA S AL
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Bk TU-95 x i fEARRTE Cc-17 =v| c-5 BT E-3,E-8
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A SU-35,SU-34,SU-24| TH3EZ& F-15 BARAR F-15,F-16,F-22,C-130| 4Gt FA-18
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Table 3 Distribution of object size for each type of
aircrafts on the MAR2( dataset

IS 10012 K LITF 100—150/8FK 150200142 20018 % -

Al 759 759 110 18
A2 648 774 255 52
A3 608 448 86 34
A4 101 305 135 101
A5 736 441 78 7

A6 352 80 8 1

A7 204 260 193 23
A8 347 362 182 53
A9 407 463 168 48
A10 292 532 80 20
All 152 199 117 39
Al12 281 347 66 8

Al13 843 551 206 52
Al4 550 825 328 75
Al5 396 189 32 1

Al6 1220 1270 138 4

A17 584 542 230 41
Al18 184 82 32 10
A19 721 417 86 12
A20 587 357 37 0

JUE AR AT Google Earth 3845 T AN [A] A 4 |
AN TR 22745 FUAS ] B 18 SR AR, (HR R — Pl
[F] — 215 (18 22 ] TRALAT SR A AR B % 2 Ta] {7 5L A
HRMER . & F—Hl 0 CHLg o F 2 I 2R 8
WA b, A 2™ e 5 bR R 52 09z Atk

REVEAN o T LAZE R 3 B S B, AR S SE Bl ML O
VENLY, PR UGB S e 200 2R A A v

TIAMERR LR, ZYne Ik . M A
R, A RS RALA A P i Bom b,
Fom b — e A 5 AR [ 5 0 EUEN:, SEGRIE)
(1) B ARAE A BE A7 A — 28 B JE IR A RS- i [
WA6, All, Al2, A15, A18 KIS () WAL %k
B HAB RIS 450

24 HEERHR

MAR20 Bdg £ HA LLF 34048 (1) K#
B MAR20 2 H A 1 A BB e K A 328 Jak (R 4% 42
FHCHLEH PR B, A5 3842 5KIKIR . 207
T TRHLENS DA K 22341 NS, el RS
PEUE T KV FAE AN )i SAE PR bR TE 2, A
B R KSEAE B B RIMTE 55 54 mAE B bR E
%, R A R RRIL AR, (2) AR
RIS HARIE 2258/ s B T3 20 ik B 2 1) 3
& TRl —ATRHLRZE PRI [F] Y5 8 LA
A LA MR RAE , XT3k B 2 2 (e LA
B ALY o AN TR CHLAL S A DX 0 3 EAR B
SRR, 4N, SU-35M1SU-34 KHLA S
() 22 0 Sk AR RIS 3 . (3) AR HARZE N
25K B TEREGRESRPZEA K., =
TG MRS T E RN SR E W,
R RS 1 HARFEAE L SE 22 R, FAAER R 2k
N 2E S

F4 MAR20VHBEZSES KHEINEEMNXENIHRES T
Table 4 Distribution of the aircraft numbers of each type in the training set and test set of the MAR2( dataset

5 Al A2 A3 A4 A5 A6 A7 A8

A10 AIl Al12 Al13 Al4 Al15 Al6 Al7 Al18 Al9 A20

YIdEsefil 554 736 316
MARAESCHIE 1092 993 860 463

179 435

JEvill 1646 1729 1176 642 1262 441 680 944 1086

107 191 365 475
827 334 489 579 611

368 151 240 561 659 200 785 439 160 519 430
556 356 462 1091 1119 418 1847 958 148 717 551
924 507 702 1652 1778 618 2632 1397 308 1236 981
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#1Double-Head (Wu %%, 2020a).

B3R 7 BT VA 28 ResNet=50  (He 4%,
2016) RSB B T R4, Jf R HIRRAE 4 7 B W 2%
(Lin &%, 2017a) 45#y. [FM, 45+ R 45 2
ImageNet (Russakovsky %, 2015) Fil Il 2 7Y |
LS EG . SEE b, AR SCEPERELA
J& T B SGD (Stochastic Gradient Descent) 1E A W
iutbds, HFRESDNESEN 0.9, W RLEH
0.0001, batch-size }j 2. KCAAICRH T ZFhZE R
B REUET 1, BT LA AT 09 05 ik 3 T AN W] Y
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Table 5 Aircraft recognition results with horizontal bounding boxes

B B ZhrB
RetinaNet FCOS ATSS Faster R-CNN TSD Cascade R-CNN Double-Head
Al 70.7 71.1 69.9 79.7 872 79.6 82.3
A2 82.1 79.4 83.7 81.6 86.7 81.4 81.2
A3 45.7 67.1 70.3 84.7 93.9 82.2 79.0
A4 46.1 46.4 50.2 72.0 71.8 66.7 63.4
AS 70.4 65.1 59.1 75.0 75.7 76.5 76.8
A6 76..7 84.8 85.1 88.0 93.6 87.9 87.9
A7 50.7 72.1 82.6 87.1 96.5 88.7 85.5
A8 81.2 83.3 80.0 89.7 91.3 86.9 83.6
A9 50.8 80.5 84.8 89.6 89.2 89.2 85.0
A10 88.9 84.5 90.0 90.6 98.1 90.7 90.5
All 36.2 57.8 61.4 82.5 87.3 81.8 79.9
Al2 77.0 71.3 82.7 86.4 87.8 85.1 85.4
Al13 62.7 58.5 68.1 66.6 67.1 66.5 66.0
Al4 71.8 75.3 78.1 85.8 89.6 78.6 84.6
Al5 25.6 33.8 40.5 45.8 34.5 42.7 42.2
Al16 85.0 83.7 87.0 87.8 91.0 88.2 88.4
A17 85.5 87.1 89.5 90.2 95.5 90.1 89.8
A18 279 38.6 36.1 54.2 58.5 42.6 44.1
Al19 68.1 69.2 67.7 76.6 79.6 78.3 74.4
A20 77.7 66.4 71.5 78.6 80.1 76.7 77.2
mAP 64.0 68.8 722 79.6 82.7 78.0 77.4
T PR R R4S
&6 HEETHERRRER
Table 6 Aircraft recognition results with oriented bounding boxes
o B Z B
FCOS-0  RetinaNet-0  S’A-Net  Faster R-CNN-O  Double—~Head—=0  Oriented R-CNN  Rol Transformer ~ Gliding Vertex
Al 68.50 79.04 82.62 85.01 86.35 86.05 85.40 85.85
A2 79.70 84.31 81.59 81.63 80.85 81.73 81.53 81.53
A3 61.00 71.05 86.21 87.47 88.90 88.08 87.61 86.80
A4 52.34 54.72 80.75 70.68 82.54 69.57 78.33 76.35
A5 64.00 73.18 76.86 79.63 76.04 75.61 80.45 72.22
A6 83.30 86.59 90.00 90.58 90.06 89.92 90.49 89.90
A7 72.90 75.57 84.73 89.71 89.76 90.49 90.24 89.84
A8 82.28 85.51 85.70 89.82 87.28 89.54 87.58 89.38
A9 81.11 88.65 88.70 90.40 89.20 89.78 87.93 89.14
A10 84.55 85.84 90.84 90.89 90.78 90.91 90.89 90.77
All 67.70 68.20 81.67 85.54 84.35 87.62 85.88 86.20
Al12 78.77 73.22 86.09 88.08 86.18 88.39 89.29 87.45
Al3 60.86 63.51 69.59 68.39 65.76 67.52 67.24 64.94
Al4 81.26 79.72 85.25 88.27 87.42 88.50 88.20 88.28
AlS 32.82 24.10 47.69 42.44 44.13 46.33 47.85 47.01
Al6 81.84 84.85 88.10 88.86 87.49 88.27 89.11 87.84
Al17 90.60 90.32 90.20 90.45 90.25 90.59 90.46 90.40
Al18 51.06 49.19 61.98 62.23 56.40 70.50 74.59 64.94
A19 68.12 74.96 83.59 78.25 82.82 78.72 81.30 83.90
A20 71.10 76.07 79.84 77.71 76.69 80.25 80.00 76.83
mAP 70.69 73.43 81.10 81.35 81.16 81.92 82.72 81.48

T RIEE R g R
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B2 KHE AL AR RS R T AL (SRAEACR IE R UM R ZDREA U TN AG , IERE AR )

Fig. 2 The visualization of aircraft recognition results with horizontal boxes (The green boxes represent true positives, red boxes

represent false negatives and blue boxes represent false positives )

B3 AT CHL FAR UM ST R T AL (AR IE R U SR, 2R G, HEAE IR R )

Fig. 3 The visualization of aircraft recognition results with oriented boxes (The green boxes represent true positives, red boxes

represent false negatives and blue boxes represent false positives )

4 45 i

T PR ZE AL H AR U A 0T 5 190 45 4
BOEA TN IEN . B2 R T 8= KB
ZEHI AL H bR RO 5, 1% U 5 2 e A X
8, Mk, ARSCGHE Google Earth 7E 4Bk 60 4~ %
PR T 3842 5 i 0 B BB B, 2

ST KBRS TF 11 32 JE% B8 2 F R AL E AR U 5k
P 5 MAR20, 0% 1 20 Fp CHLALS fi1 22341 4~ H
PR FEEPE AR T, MAR20 #2448 7 /K ¥k
FHE A 1) 300 FOAE P Fp bR 73 7 20, 43 R L T K
EHES A 1 HE H AR IR BT S, 7 ST A B AR 4
155 TR RIEHH .

TE MAR20 %4l 45 b, ASSCPRAN 1 7 FpoK P AE



B SCAT 4 MARR0 32 IR RS 42 FH AL B AR B 2695

FFR IR B0 T7 36 F0 8 Fiey 1 e AR IR BTk . i,
FAT A B SCHE ST B9 2 T B0 4R RE S A2 L 27 1
JEPE B CHL H AR U T B 5T 2

2 2% 31k (References)

Cai Z W and Vasconcelos N. 2018. Cascade R-CNN: delving into high
quality object detection//Proceedings of the 2018 IEEE/CVF Con-
ference on Computer Vision and Pattern Recognition. Salt Lake
City: IEEE: 6154-6162 [DOI: 10.1109/cvpr.2018.00644]

Chen K, Wang J Q, Pang J M, Cao Y H, Xiong Y, Li X X, Sun S Y,
Feng W S, Liu Z W, Xu J R, Zhang Z, Cheng D Z, Zhu C C,
Cheng T H, Zhao Q J, Li BY, Lu X, Zhu R, Wu Y, Dai J F, Wang
J D, Shi J P, Ouyang W L, Loy C C and Lin D H. 2019. MMDe-
tection: open MMLab detection toolbox and benchmark. arXiv
preprint arXiv: 1906.07155

Cheng G, Zhou P C and Han J W. 2016. Learning rotation-invariant
convolutional neural networks for object detection in VHR optical
remote sensing images. IEEE Transactions on Geoscience and Re-
mote Sensing, 54(12): 7405-7415 [DOI: 10.1109/TGRS. 2016.
2601622]

Ding J, Xue N, Long Y, Xia G S and Lu Q K. 2019. Learning Rol
transformer for oriented object detection in aerial images//Pro-
ceedings of the 2019 IEEE/CVF Conference on Computer Vision
and Pattern Recognition. Long Beach: IEEE: 2844-2853 [DOI: 10.
1109/CVPR.2019.00296]

Everingham M, Van Gool L, Williams C K I, Winn J and Zisserman A.
2010. The Pascal visual object classes (VOC) challenge. Interna-
tional Journal of Computer Vision, 88(2): 303-338 [DOI: 10.1007/
s11263-009-0275-4]

Han J M, Ding J, Li J and Xia G S. 2022. Align deep features for ori-
ented object detection. IEEE Transactions on Geoscience and Re-
mote Sensing, 60: 5602511 [DOI: 10.1109/TGRS.2021.3062048]

Haroon M, Shahzad M and Fraz M M. 2020. Multisized object detec-
tion using spaceborne optical imagery. IEEE Journal of Selected
Topics in Applied Earth Observations and Remote Sensing, 13:
3032-3046 [DOI: 10.1109/JSTARS.2020.3000317]

He K M, Zhang X Y, Ren S Q and Sun J. 2016. Deep residual learning
for image recognition//Proceedings of the 2016 IEEE Conference
on Computer Vision and Pattern Recognition. Las Vegas: IEEE:
770-778 [DOL: 10.1109/cvpr.2016.90]

Li K, Wan G, Cheng G, Meng L Q and Han J W. 2020. Object detec-
tion in optical remote sensing images: a survey and a new bench-
mark. ISPRS Journal of Photogrammetry and Remote Sensing,
159: 296-307 [DOI: 10.1016/j.isprsjprs.2019.11.023]

Lin TY, Dollar P, Girshick R, He K M, Hariharan B and Belongie S.
2017a. Feature pyramid networks for object detection//Proceed-
ings of the 2017 IEEE Conference on Computer Vision and Pat-
tern Recognition. Honolulu: IEEE: 936-944 [DOI: 10.1109/cvpr.
2017.106]

Lin TY, Goyal P, Girshick R, He K M and Dollar P. 2017b. Focal loss

for dense object detection//Proceedings of the 2017 IEEE Interna-
tional Conference on Computer Vision. Venice: IEEE: 2999-3007
[DOTI: 10.1109/iccv.2017.324]

Long Y, Gong Y P, Xiao Z F and Liu Q. 2017. Accurate object localiza-
tion in remote sensing images based on convolutional neural net-
works. IEEE Transactions on Geoscience and Remote Sensing, 55
(5): 2486-2498 [DOI: 10.1109/tgrs.2016.2645610]

Ren S Q, He K M, Girshick R and Sun J. 2017. Faster R-CNN: to-
wards real-time object detection with region proposal networks.
IEEE Transactions on Pattern Analysis and Machine Intelligence,
39(6): 1137-1149 [DOI: 10.1109/tpami.2016.2577031]

Russakovsky O, Deng J, Su H, Krause J, Satheesh S, Ma S A, Huang Z
H, Karpathy A, Khosla A, Bernstein M, Berg A C and Fei-Fei L.
2015. ImageNet large scale visual recognition challenge. Interna-
tional Journal of Computer Vision, 115(3): 211-252 [DOI: 10.
1007/511263-015-0816-y]

Russell B C, Torralba A, Murphy K P and Freeman W T. 2008. La-
belMe: a database and web-based tool for image annotation. Inter-
national Journal of Computer Vision, 77(1/3): 157-173 [DOI: 10.
1007/s11263-007-0090-8]

Shermeyer J, Hossler T, Van Etten A, Hogan D, Lewis R and Kim D.
2020. RarePlanes: synthetic data takes flight. arXiv preprint arX-
iv: 2006.02963

Song G L, Liu Y and Wang X G. 2020. Revisiting the sibling head in
object detector//Proceedings of the 2020 IEEE/CVF Conference
on Computer Vision and Pattern Recognition. Seattle: IEEE:
11560-11569 [DOI: 10.1109/cvpr42600.2020.01158]

Sun X, Wang P J, Yan Z'Y, Xu F, Wang R P, Diao W H, Chen J, Li J H,
Feng Y C, Xu T, Weinmann M, Hinz S, Wang C and Fu K. 2022.
FAIRIM: a benchmark dataset for fine-grained object recognition
in high-resolution remote sensing imagery. ISPRS Journal of Pho-
togrammetry and Remote Sensing, 184: 116-130 [DOI: 10.1016/].
isprsjprs.2021.12.004]

Tian Z, Shen C H, Chen H and He T. 2019. FCOS: fully convolutional
one-stage object detection//Proceedings of the 2019 IEEE/CVF In-
ternational Conference on Computer Vision. Seoul: IEEE: 9626-
9635 [DOI: 10.1109/iccv.2019.00972]

WuY, ChenY P, Yuan L, Liu Z C, Wang L J, Li H Z and Fu Y. 2020a.
Rethinking classification and localization for object detection//
Proceedings of the 2020 IEEE/CVF Conference on Computer Vi-
sion and Pattern Recognition. Seattle: IEEE: 10183-10192 [DOI:
10.1109/cvpr42600.2020.01020]

Wu Z Z, Wan S H, Wang X F, Tan M, Zou L, Li X L and Chen Y.
2020b. A benchmark data set for aircraft type recognition from re-
mote sensing images. Applied Soft Computing, 89: 106132 [DOI:
10.1016/j.a50¢.2020.106132]

Xia G S, Bai X, Ding J, Zhu Z, Belongie S, Luo J B, Datcu M, Pelillo
M and Zhang L P. 2018. DOTA: a large-scale dataset for object
detection in aerial images//Proceedings of the 2018 IEEE/CVF
Conference on Computer Vision and Pattern Recognition. Salt
Lake City: IEEE: 3974-3983 [DOI: 10.1109/CVPR.2018.00418]

Xie X X, Cheng G, Wang J B, Yao X W and Han J W. 2021. Oriented



2696 National Remote Sensing Bulletin  # 254  2023,27(12)

R-CNN for object detection//Proceedings of the 2021 IEEE/CVF Zhang S F, Chi C, Yao Y Q, Lei Z and Li S Z. 2020. Bridging the gap
International Conference on Computer Vision. Montreal: IEEE: between anchor-based and anchor-free detection via adaptive
3500-3509 [DOI: 10.1109/ICCV48922.2021.00350] training sample selection//Proceedings of the 2020 IEEE/CVF
XuY C, Fu M T, Wang Q M, Wang Y K, Chen K, Xia G S and Bai X. Conference on Computer Vision and Pattern Recognition. Seattle:
2021. Gliding vertex on the horizontal bounding box for multi-ori- IEEE: 9756-9765 [DOI: 10.1109/cvpr42600.2020.00978]
ented object detection. IEEE Transactions on Pattern Analysis and Zhou P C, Cheng G, Yao X W and Han J W. 2021. Machine learning
Machine Intelligence, 43(4): 1452-1459 [DOI: 10.1109/TPAML paradigms in high-resolution remote sensing image interpretation.
2020.2974745) National Remote Sensing Bulletin, 25(1): 182-197 (15, F2HE,
Yao Y Q, Cheng G, Xie X X and Han J W. 2021. Optical remote sens- W PG SC, SR . 2021, R A BER IR G AR AR I AL g 24
ing image object detection based on multi-resolution feature fu- U AR, 25(1): 182-197) [DOI: 10.11834/jr5.20210164]
sion. Journal of Remote Sensing, 25(5): 1124-1137 (ka1 , & Zou Z X and Shi Z W. 2018. Random access memories: a new para-
05, PR, BEEAR . 2021, Z2 0 FRREFE AL 1) 62 18 IR R digm for target detection in high resolution aerial remote sensing
H f5 A I . 38 8 22 3R, 25(5): 1124-1137) [DOIL: 10.11834/jrs. images. IEEE Transactions on Image Processing, 27(3): 1100-
20210505] 1111 [DOI: 10.1109/TIP.2017.2773199]

MAR20: A benchmark for military aircraft recognition in
remote sensing images

YU Wengqi, CHENG Gong, WANG Meijun,YAO Yanqing,XIE Xingxing, YAO Xiwen, HAN Junwei

School of Automation, Northwestern Polytechnical University, Xi'an 710129, China

Abstract: Military aircraft recognition in remote sensing images locates military aircraft in remote sensing images and classify them at a
fine-grained level. It plays a vital role in reconnaissance and early warning, intelligence analysis, and other fields. However, the
development of military aircraft recognition in remote sensing images is relatively slow due to the lack of publicly available datasets.
Therefore, constructing a high-quality and large-scale military aircraft recognition dataset is important.

This study constructs a public remote sensing image military aircraft recognition dataset called MAR20 to promote the research
progress in this field. The dataset has the following characteristics: (1) MAR20 is currently the largest remote sensing image military aircraft
recognition dataset, which includes 3842 images, 20 types, and 22341 instances. Each instance has a horizontal bounding box and also an
oriented bounding box. (2) Given that all fine-grained types belong to the aircraft category, different types of aircraft often have similar
characteristics, which result in high similarity of different types of targets. (3) Large intra-class differences exist between targets of the same
type due to the influence of climate, season, illumination, occlusion, and even the atmospheric scattering in the process of remote sensing
imaging.

To establish a benchmark for military aircraft recognition in remote sensing images, this paper study evaluates seven commonly used
horizontal object recognition methods, namely, Faster R-CNN, RetinaNet, ATSS, FCOS, Cascade R-CNN, TSD, and Double-Head, as well
as eight oriented object recognition methods, namely, Faster R-CNN-O, RetinaNet-O, Rol Transformer, Gliding Vertex, Double-Head-O,
Oriented R-CNN, FCOS-O, and S2A-Net, on the MAR20 dataset. Through experimental comparisons in the tasks of horizontal object
recognition and oriented object recognition, two-stage methods are proven to be more effective in target recognition than one-stage methods.

In this study, 3842 high-resolution remote sensing images were collected from 60 military airports around the world through Google
Earth, and a large-scale publicly available remote sensing image military aircraft recognition dataset, named MAR20, was established. In
terms of data annotation, MAR20 provides two annotation methods, namely, horizontal bounding boxes and oriented bounding boxes, which
correspond to the tasks of horizontal target recognition and oriented target recognition. We hope that the MAR20 dataset established in this
study could promote the research progress in this field. MAR20 can be downloaded athttps://gcheng-nwpu.github.io/.

Key words: military aircraft, object recognition, dataset, remote sensing images, fine-grained recognition
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