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Fig.1 Schematic diagram of MA-YOLOvV5 network structure
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FEHRZER N 2 BT 7R o AR B £ B0 N A B AR AR T B R B B = 4y

CxHxW

BN:BatchNorm
NL:Non-Linear

Split Coordinate attention Select

B2 ARFCAMHr & E(3#H)
Fig.2 Schematic diagram of ARFCA module (3 channels)
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1.3 Swin Transformer #% R

% Swin Transformer W 4% (9 J5 & 76 YOLOVS BRI 3k H 45 fin Swin Transformer #5H , #5 B 45 #4) 411 14]
3HR S

A
N
" P
W-MSA SW-MSA
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Fig.3 Schematic of the Swin transformer module

ZERA S WA T2, TEHE D £k A EE N ZE(Window Multi-head Self-Attention, W-MSA) fl 5%
P 1 %3k A & )1 )2 (Shifted-Window Multi-head Self-Attention, SW-MSA)2H i . H T iZ 45 # FR 4l ,
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BB h it KA EON 12438 WK, I8R5 2T 5 0.005, IR 24 2] ok 0.1, 24 2] Kl 4 0.937, 38 IF L it
REZBHR 0.05, 50K ZBCR 0.5, 49 WK R B 1.0. 20 IFEHE S AR 1058 IR R 2421 R . X F SSD
FYOLOVS R 51 M 4% , K K-means 5 28 75 1k 1158 A i gk IR B proxr i RUBE (Y i et TSR 25 1 o (11,
12],021,21],[30,441,[47,32],[51,75]1,[96,56],(106,120],[176,209],[356,365] .
23 ARFCAERS ZHIHBL LI

R UE ARF CA B 3 3B A [F) X5 455 78 Jr 6 B i) 52 ) (] B A F ARF CA B e A 4 S0 80 I8 T
—ZH RS2 L MA-YOLOVS B 2% S J2ilt  # SKCA 43 328040 I8 1.2.3 .4, HoAft I 25 2 50i% 8 4
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Table 1 Detection accuracy and speed of ARFCA with different branch numbers

Convolution kernel size

Branch number of ARFCA mAP FPS
of each branch

1 5X5 68.0 50.9

2 3X3, 5X5 68.4 50.2

3 3X3, 5X5, 7TX7 68.5 49.4

4 3X3, 5X5,7X7,9X9 68.5 48.3

WLEE 2 1R AT A%, 16 20 32RO 1.2 3 I, B35 73 SRR 38 0, B R 4 7 294G I K BE (mean Average
Precision, mAP) A 55 4& Jb, 1M 24 73 S H0h 4 W B8 mAP {55 73 SO 3 AR U #5452 T o DS Il 32 3
FBER  BE 73 SOBUR SN, B RS FPS SR £ 52 R Bl o DRIk, Dhy 52 SRS 280 19 e o A MRS 2, [ I GIE A5
TR E 5 ARFCA BRI SO0 o 3, IF b A7 Ja S5
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¥ MA-YOLOvVS . % i ARFCA FLHL 1) YOLOVS 1 STRALER () YOLOvVS5 ., YOLOVS JF i 7 2% DL K&

=LA ResNet=50 g 1 9 4% i — By Be W 4% . SSD  RetinaNet Al FCOS, 3t 7 4~ 4% 47 52 56 % L, 9% F 4
-85 B mAP(I0U=0.5:0.95) “F-¥4E F AP(I0U=0.5) \AP(I0U=0.75) , coco % #f& % & X 4/ K
FARXS B B9 mAP: APS( H bR ifi F1<<32% %) . APM(32°<< H b i F1<<96*1% % ) . APL( HFRifi f1>9644 %) ,
St 6 P bRV N A SRR FE 0 AN b v SR ARG 0 B FPS A b B R T BEE G A AR v L AR B TR A0 2 R
Rk 2fim.

F2 TREMEENLETHIMEE

Table 2 The performance of different networks on the test set

Method Backbone mAP AP50 AP75 APS APM APL FPS

SSD ResNet-50 48.4 80.9 51.5 29.0 57.5 51.3 77
RetinaNet ResNet-50 60.7 88.8 70.5 54.2 66.2 54.8 28
FCOS ResNet-50 63.5 89.8 74.3 56.2 69.3 58.2 38
YOLOvS CSPdarknet 64.9 91.7 78.4 58.0 72.4 61.2 59
YOLOV5-STR CSPdarknet 66.3 92.6 80.2 58.6 73.3 62.9 52
YOLOv5-ARFCA CSPdarknet 67.2 93.0 80.6 59.2 73.5 63.4 o4
MA-YOLOVvVS CSPdarknet 68.5 93.4 82.8 60.3 76.5 65.3 49

MR 22 4 2 45 AT LAE H, 7ER A B 7 1, MA-YOLOVS [ 48 75 52 56 % H 19 74> [ 4% b B &, mAP {1k
7 68.5%0 , % 5 IR YOLOVS M 4%, 528 1 3.6 %0 BIKEBEEE TH . WM ARFCA B STREEH 1) YOLOV5
P 265 757 Y R RS B2 b 4 S S B T 2,300 R 1.4 % MRS BE 8 T . T SSD (RetinaNet # FCOS 7E £ 4 B2 I
MR E YOLOVS R M A —E 2285 . 76 K 03K B J5 11, SSD M 48 R M I AE , 35 8 T 77FPS, J7 IR
YOLOVS M4 FPS ik 59, 76 %F Ho 19 YOLOvVS 91 M 45 o & B 4F , 1 YOLOvVS g it Ji5 1) =AM 45 76 FPS
WA R B (BT EA S AT Y BE D .

FEl 4R T MA-YOLOVS I 25 150 1F £ 4 4 B X R ) e 0 458 2 A 32 401 2 A 43 bt 2 o 4 1 28 fb 1
O, v 2% TR A bR e 7R BRI Rt IR .

K5 R T MA-YOLOVS 4576 DOTA 048 5 1 I3 s 4% 28 51 49 S 249085 JE mAP(IOU=0.5:0.95) .
ATLLVE A 628 B AR AR BE R T 0.7, A48 RS 88 /0N B A 2000 R RS e K i 5 Bk 3 L I sk 3 285 531, 3 ]
A ST O e 22 RO 3 U H A EL A A R T R

0.044 4 % t
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5 0.040 4
W 2 0.044 2
[« B |
= < 2 0.006
< E o
> s =
>
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Fig.4 The loss value of MA-YOLOV5 network during training and validation
Small-vehicle m———— |
Bridge me—— mAP=0.685
SWImming-pool e —
Container-crane
Soccer-ball-fie]
Baseball-diamond s —
TR ound ab o Ut 15—
H arb o 1
Heelicoyp 1 ——————————————————————
Ground-track-ie ]l
Storage-tar |
L arge-vehic] e
S i
Basketball-couirt
TP 1
Tennis-court TV alues of mAP
0 0.2 0.4 0.6 0.8 1.0
H5 &5 E AR mAP
Fig.5 mAP values for each category of targets
3 g

ARICLLYOLOVS 53k g 5l 312 1 — Bl il 2200 5 7 ML) B ' 2 i SR IR 1R AR A I 8005 o v i G
FUG bR ROBE 28 5 K VB SR AR A5 o, B0 H T — B [ 38 RS2 7 R/ B9 A A i 78 1 (ARFCA) BE B, i
T AR B HR G o S A R PR *E?Eiﬂu/\ SR N NS BTV 87 % N L PR T 5NN E AV TR ORI ,U\ﬁ’ﬁ
P& TR T 20 RO 288 S H AR YRR AR AR ICRE 97 o [R]IE , i ik ARF CA B v i A s V5 S BILARY iﬁi‘ﬁ
[F1) 7 16] f4 R O G 2, I PR AF I3 — 23 18] 5 ) 9 2 805 8., A B T 190 4% S b o o ﬁo [l B T
YOLOvVS fill 3k th i A Swin Transformer F 7 2 ML AL 15 1 R AR 5 b5 30 5545 B A BE ) ?Efﬂ‘i
RUXT 2 45 o0 A H A B9k MR fE o SC B 45 SRIE B T MA-YOLOvVS BRIt ARFCA BLHFl Swin Transformer
RPN T 18 SR R B AR I BOR B8 TH 9 A R0, DL SRR B B b 8 52 I 1 5 — 2 1 TR AN 18
S & Uk
[1] NIE Guangtao, HUANG Hua. A survey on object detection technology in optical remote sensing images [J]. Acta

Automatica Sinica, 2021, 47(8): 1749-1768.

B, AR O E R R R BAS LA L], A i feeadi, 2021, 47(8) : 1749-1768.

[2] WANG Jianan, GAO Yue, SHI Jun, et al. Scene classification of optical high-resolution remote sensing images using

vision transformer and graph convolutional network[J]. Acta Photonica Sinica, 2021, 50(11): 1128002.

ERRf, A, R, AR T LG e A A AR 4 i e i i Sy KT ) 06 T, 2021, 50(11) : 1128002.
[3] NI Kang, ZHAO Yuqing, CHEN Zhi. Multi-scale convolutional neural network driven by sparse second-order attention

mechanism for remote sensing scene classification[ J]. Acta Photonica Sinica, 2022, 51(6): 0610004.

1210003-7



T o AR

[7]

[8]

[9]

5L, X TR I L AR AE R U R D AL R Bl 2 R S BRI AR 3 5 A 2R M2 [T]. 6T R, 2022, 51(6)
0610004.
WANG Zijian. Multi-scale remote sensing object detection based on attention mechanism [D]. Beijing: University of
Chinese Acdaemy of Sciences, 2021.
Ll BT R AL 2 RO A AR (D] dbat: s EB By, 2021
OSUNA E, FREUND R, GIROSIT F. Training support vector machines: an application to face detection [C].
Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition, 1997: 130-136.
VIOLA P, JONES M. Rapid object detection using a boosted cascade of simple features[C]. Proceedings of the IEEE
Conference on Computer Vision and Pattern Recognition, 2001: 511-518.
KAYASAL U. Magnetometer aided inerital navigation system: modeling and simulation of a navigation system with an
IMU and a magnetometer[ M |. Turkey: National Defense Industry Press, 2009: 74-77.
NI Kang, LIU Pengfei, WANG Peng. Compact global-local convolutional network with multifeature fusion and learning
for scene classification in synthetic aperture radar imagery [J]. IEEE Journal of Selected Topics in Applied Earth
Observations and Remote Sensing, 2021, 14: 7284-7296.
ZHAO Yonggiang, RAO Yuan. A survey of deep learning object detection methods[J]. Journal of Image and Graphics,
2020, 25(4): 629-654.
AR, BEIT . TREE S 2] HARK I I vk 253k [T ], vh B USRI 24 4] L 2020, 25(4): 629-654.
GIRSHICK R, DONAHUE J, DARRELL T, et al. Rich feature hierarchies for accurate object detection and semantic
segmentation[ C].Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition, 2014: 580-587.
GIRSHICK R. Fast R-CNN [C]. Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition,
2015: 1440-1448.
REN S, HE K, GIRSHICK R, et al. Faster R-CNN: towards real-time object detection with region proposal networks
[J]. IEEE Trans Pattern Analysis and Machine Intelligence, 2017, 39(6): 1137-1149.
HE K, GKIOXARI G, DOLLAR P, et al. Mask R-CNN[ C]. Proceedings of the IEEE Conference on Computer Vision
and Pattern Recognition, 2017: 2961-2969.
REDMON J, FARHADI A. YOLO9000: better, faster, stronger[ C]. Proceedings of the IEEE Conference on Computer
Vision and Pattern Recognition, 2017 7263-7271.
REDMON J, FARHADI A. YOLOV3: an incremental improvement [J/OL]. [2022-05-18]. htip://arxiv. org/abs/
1804.02767.
LIU W, ANGUELOV D, ERHAN D, et al. SSD: single shot MultiBox detector [C]. European Conference on
Computer Vision, Springer, Cham, 2016: 21-37.
FUCY, LIU W, RANGA A, et al. DSSD: deconvolutional single shot detector[ J/OL]. [2022-05-18]. https://arxiv.
org/abs/1701.06659.
GUO H W, BATHY, YUAN Y M, et al. Fully deformable convolutional network for ship detection in remote sensing
imagery[ J].Remote Sensing, 2022, 14(8): 1850-1869.
HOU J Y, MA H B, WANG S J. Parallel cascade R-CNN for object detection in remote sensing imagery[J]. Journal of
Physics: Conference Series, 2020, 1544 012124.
LONG H, CHUNG Y, LIU Z B, et al. Object detection in aerial images using feature fusion deep networks[J]. IEEE
Access, 2019, 7:30980-30990.
ZHANG Y K, YOU Y N, WANG R, et al. Nearshore vessel detection based on Scene-mask R-CNN in remote sensing
image[ C]. 2018 International Conference on Network Infrastructure and Digital Content. Guiyang, China: IEEE Access,
2018: 76-80.
ZHANG Yongfu, SONG Hailin. Deep learning remote sensing image target detection model based on fusion features[J].
Computer Technology and Development, 2021, 31(9): 48-54.
TRAKCHR , AREEMR . RlE R R 2 o) R R RS B AR AR B [T ] TSR LR 5 e, 2021, 31(9) : 48-54.
LIU Z, LIN Y T. Swin transformer: hierarchical vision transformer using shifted windows [J/OL]. [2022-05-18].
https://arxiv.org/abs/2103.14030v2.
XIA G S, BAI X, DING J, et al. DOTA: a large—scale dataset for object detection in aerial images[ C]. Proceedings of
the IEEE Conference on Computer Vision and Pattern Recognition, 2018: 3974-3983.

1210003-8


http://arxiv.org/abs/1804.02767
http://arxiv.org/abs/1804.02767
https://arxiv.org/abs/1701.06659
https://arxiv.org/abs/1701.06659
https://arxiv.org/abs/2103.14030v2
https://arxiv.org/abs/2103.14030v2

A2 4, 45 Bl 22 TR T ML O 27 18 SR RTAR F RS AG I Jy vk

Object Detection Method of Optical Remote Sensing Image with
Multi-attention Mechanism

FU Hongjian', BAI Hongyang', GUO Hongwei', YUAN Yuman', QIN Weiwei’
(1 School of Energy and Power Engineering, Nanjing University of Science and Technology,
Nanjing 210094, China)

(2 School of Nuclear Engineering, Rocket Force University of Engineering, Xi'an 710025, China)

Abstract: Optical remote sensing image target detection technology refers to the technology that uses
algorithms to automatically classify and locate objects of interest. It has a wide range of applications in
military reconnaissance, precision guidance and urban construction. From the perspective of development
history, optical remote sensing image target detection technology can be mainly divided into traditional
target detection algorithms and deep learning—based target detection algorithms. Compared with traditional
target detection algorithms, deep learning—based target detection algorithms can automatically extract
target features, and the feature expression is more robust and generalisable. In the field of remote sensing
image target detection, the application of deep learning target detection technology can achieve better
detection results. However, several problems still exist in remote sensing image target detection, such as
large differences in target scales, dense target distribution and complex backgrounds. In response to the
above problems, this paper makes improvements based on the YOLOvVS network, and proposes the MA-
YOLOv5 (Multi Attention-YOLOvV5) network, which improves the remote sensing target detection
effect, and the experiments verify the effectiveness of the improvement. Considering the requirement of on—
orbit real-time processing of remote sensing images, ensuring a certain detection speed is necessary.
Therefore, this paper selects the YOLOvV5I network whose network depth and width coefficients are oneas
the basic network. YOLOvVS is mainly divided into three parts: Backbone, Neck and Prediction. The
Backbone part mainly uses the backbone structure of CSP (Cross Stage Partial) Darknet for feature
extraction; the Neck part uses the FPN (Feature Pyramid Network) +PAN (Path Aggregation Network)
feature pyramid structure for feature fusion; the Prediction part uses CIOU _loss (C Intersection over
Union_loss) as the loss function for calculation. To improve the detection effect of remote sensing images
with multiple scales and complex backgrounds, this paper proposes a coordinate attention module with
adaptive receptive field size. Through the separation and selection mechanism in the module, the network
can adaptively select the information output by convolutions with different receptive field sizes according to
the size of the target, thereby improving the feature extraction ability of the model for multi—scale remote
sensing targets. At the same time, through the coordinate attention mechanism in the module, the long-
term dependency of one spatial direction is captured, and the position information of another spatial
direction is saved, which helps the network to locate the target more accurately. In addition, in view of the
dense distribution of remote sensing targets, the Swin Transformer self-attention mechanism module is
added to the protection head of the YOLOV5 network to enhance the network's ability to capture the target
environment information. To verify the influence of the different number of branches of the ARFCA
(Adaptive Receptive Field Coordinate Attention) module on the model, and to determine the optimal
number of branches of the ARFCA module, a set of ablation experiments are set up in this paper. The
experimental results show that the best effect is when the number of ARFCA branches is 3. Finally, this
paper sets up a set of experiments to compare the following seven networks: The MA-YOLOVS,
YOLOv5 with ARFCA module added, YOLOVS5 with STR (Swin Transformer) module added,
YOLOVS original network, SSD, RetinaNet and FCOS. Seven categories of indicators are used for
evaluation. The experimental results show that compared with the original YOLOvV5 network, the MA-
YOLOV5 network achieves a 3.6 % improvement in accuracy and has a certain ability of real-time detection.
Key words: Optical remote sensing image; Target detection; Deep learning; Attention mechanism;
Receptive field; Multiscale; Convolutional neural networks
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