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Conv: convolution; BN: batch normalization; ReLU: rectified linear unit; DWC Conv: depthwise separable convolution;

CA: coordinate attention; GSConv: group shuffle convolution
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Conv: convolution; BN: batch normalization; ReLU: rectified linear unit; GConv: group convolution;

DWC Conv: depthwise separable convolution
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Fig. 2 Structure diagrams of ShuffleNet. (a)(b) ShuffleNet v1 building block; (¢)(d) ShuffleNet v2 building block
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Fig. 4 GSConv module structure diagram
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Cortex-A57 64-bit@1. 42 GHz, FIE 4L # 2% (GPU) N
128-core Maxwell, N 17~ 4 GB 64-bit LPDDR4, fit &
Z 48 ARM it Ubuntu 18. 04 3 4t , 55 0 35 17 FF 55 i
oM JetPack4. 4 \DeepStream5. 1, TensorRT7. 1,
3.4 B

D 28 AL Y il 2 B Be < 1) S BaE R 24 2T, )
F7E K LB ELE 48 COCO YN 4547 (9 ShuffleNet v2 %
2 WU 2R EE X ) 45 A5 T S 80 AT 0 as Ak, OF R
HRSC2016 £ 4ff 5 % 1 2% 9847 300 5 2) BN T 7% 2
20, R O 0 2% 1 — A5 B

RO BN 2500 20 8 o UR 4 T W 4%, I 25
FBCR 50 UL N 16 22 2 0 110 *5 825, il
TR, IR 58 50 R 50 N ZRHEIR R 8.2 2 Kl 1X
107, BE HIBEALES T B# (Stochastic gradient descent,
SGD)AbAR 5 2 M TR Lo R xR k. I H
# H Tensorboard ig 5% , & % A — 5 A I 25 4 $it
KB G—5E AR L%k 10048 6 5 50
% v B TE A 40 K SR AR A A A S I R 2 R R AT 40 A
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Y it 248 Tensorboard nf M4k #E 4730 5% , B ik
T — WA B R M A BN R kb Bl 2k — 4
TGS GRS 51 2% o, I DR A7 AR AR RO i B A — IR
Ry S R ABE AL () A P FE AR TR A A A T A
55 ShuffleNetv2-YOLOv5s.YOLOv5s . MobileNetv3-
YOLOv5s,YOLOvSn # 17 Il £ 3% £ 100 % 7 2 19 31

(a) 0.12
011 —-- ShuffleNetv2-YOLOvV5s
: — YOLOv5s
0.10 & MobileNetv3-YOLOv5s
0 ~+ YOLOv5n
£009 --- STYOLO
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-5 0.06
£ 0.05
004F N T
003 TS
0.02
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! 0.06F

Val/box_loss
(=)
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Epoch
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4 + YOLOvbn
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----- MobileNetv3-YOLOv5s
+ YOLOvV5n

--- STYOLO

0 10 20 30 40 50 60 70 80 90 100110
Epoch

25 4 T HE #5125 (train/box _loss) Il 2k H #x it 2% (train/
obj_loss) . 4& iiF 4 i1 HE 51 2% (val/box _loss) \ B8 iF H #5
1 2% (val/obj_loss) AE#2% (P) A 1 % (R) \mAP@
0.5[ 22 I F B AE M 0. 5 I A4 SF 249K B2 ¥ {6 (mAP) ],
mAP@O. 25( 22 Ff F B i 7€ 0. 5~0. 95 Z [H] £ [ 0. 05
B mAP, 4 5 S5 FEIBCE-24) Qs 11 B R o

(b) 0.06

—- ShuffleNetv2-YOLOvbs
) — YOLOv5s
%, " MobileNetv3-YOLOvbs

0.05
% ‘uo"‘:
S

|
= 0.04

(=]
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2 !!5 --- STYOLO
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h
¢ )() 90 — ShuffleNetv2-YOLOvbs
’ — YOLOv5s

mAP@0.25

... MobileNetv3-YOLOv5s

0.15 ~+ YOLOvVbn
s --- STYOLO
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1L SRR DA B Rt 2k o (a) I ZRAE AR 2 5 (D) YNZR HARBLR 5 (o) Bk 42 W HER R 5 () B8k H AR 5 (e) K 5 () 4 [
#;(g) mAP@O. 5;(h) mAP@O. 25
Fig. 11 Training curves of five detection models. (a) Training set box loss; (b) validation set box loss; (¢) training object loss;
(d) validation object loss; (e) precision; () recall; (g) mAP@0. 5; (h) mAP@0. 25
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B 11 B I 25 4 20 HE 5 O B H AR Ok AT A,
YOLOV5s A SCHSARILE 0 2 3048 0 PRk | i %5
BRI TIIAE T B2 18, 1a BTN £ 8 F ke 8, FL il
2V T BRI B AR, U AR A5 £5 %2 5 ShullleNetv2-
YOLOv5s.MobileNetv3-YOLOv5s. YOLOv5n 7 60
¥ B T U Sk, I I 2R 4R B bRtk vl A, 3 R
RUAH T YOLOvSs M A SCRE Yl 42 % sl K5 il 3
TE AR I AE 5 2 AT, AR SO T B8 e Pt Lo ok P L
RAIE BT fe ik ; th B AR R 2T %0, YOLOv5s 5
A SRR BB, ShuffleNetv2-YOLOvSs 761145 10
BAEAHWBHMEHR K KWK PR A,
YOLOv5s 5 4% SO A e S e B il £k 0% 8 808 F
B mAP 2] 40, YOLOVSs 5 7 SRk 345
FFa, AR S mAP@O. 5 & mAP@O. 25 ¥ 3 Bl fe £,
mAP@0.5 & #| T 94.33%, mAP@O0.25 ik ¥ T
78.32%, YOLOv5s B mAP@O.5 ik %] T 91.63%,

mAP@O. 253K %) T 74. 86 % , 2 FhoA 71 iy £ i S5 528 ik
D Ul IR A AR A o
3.5 ZLWHER

AT EESTYOLO WA 80t kR mAP P .RAE
Sy A e ARG B B 48 b TRD ERE SR A G AR A = A
B2 8 TR S B (FLOPs) | & R0 % S it $51E o il 5
BRI RN B B s T R R AR
3.5.1 M%&EZFHTI LI

o2 2 8 M, BT YOLOvSs #E 48, i
ShuffleNet v2 & 3=’ 4% , Slim-neck £ A 45 fiF 1 5
W 25 J | R P 5 e A% 2 29 D 2Ok 1R R ARG T A R 3 A 7
Y25, T YOLOvVSs B # , 52  fb J5 mAP@0. 5 F
BT 2. 124 43 05 TR BURAR T 62, 022, 8L %
filX 7 62.05% . ik B I 2% %% & b v] DUAT 30 R K S 8K
TR HABK— 2 W, TR M
B RG TORS B R T i — Ak R THEE A RE T

F 2 LR A A AR B 5 e
Table 2 Effect of network lightweighting on the model

Model P/% R /% mAP@0.5 /% FLOPs/B Parameter/MB
YOLOvV5s 90. 25 76. 80 87. 64 15.8 7.01
STYOLO 84.12 78. 36 85.52 6.0 2.66

3.5.2 AAREE N A I B AT 4 4 AR 4
Yo
TEM 2% 7 i Ak By Bl B, 6 fin CA L 78 Slim-neck H?
B4 AN TR)ASE e i C A 1) 288 A6 00 R 7 19 5% g, 4n 4 3
Jr s
3 AEARTRLEMEI CA RKILE A 1
Table 3 Comparison of detection capabilities of CA applied at

different positions

Application position ~ mAP@O0. 5/ % Parameter/MB
Baseline 85.52 2.66
Position 1 80. 05 2.67
Position 2 90. 46 2.68
Position 3 85. 66 2.67

4% 3 0, CA M 7 A7 5 1 A i G 000 A A 1Y)
mAP AR T 5. 47 A 43 i CA it fin 76 067 & 2 &b fifi &
WS 750 A mAP B2 55 T 4. 944N\ 43 A CA e N 7E 7
B3 A A IR AL ) mAP R T 0. 144N E 4r AL U
B CA it i 78 Slim-neck ™ % th A [543 & I A — & #
ki AT Rl R G o AR 73 S Ak B e o i T4
FA) A g, G A7 B 6 AR KR AE A R R AR AR L
it CA 2 45 Slim-neck iy Rk K g5 A 8, Kk, M
25K A T 22 BT R B 5 07 ' 2 A S R AE 86 58 R 4% v
ANTE RO A5 BB s8I0 Ab | RE 5 CA R A5 B8 3= & 19
07 B AR B, B T I 4 4 0F 354 5t 1k B 5 37 B 3 Ab J& Slim-
neck [ 4% ) oK Ui , 5 fF 398 58 AT 55 AR 5E AL, 7 LA B
Jite I T T 0 WL A G A D ARE R ORS R 4R T R AR R

I3 A CA I INTE AL B 2 4b 1y A7 o5 T BCR , 2 80 Al
BT AT I CA BRI AR RS N 1 0. 7506, {H RS B
P& TH 5 e, T AE N A 5 1) K AT LR A2 B TR P 4
e A ASE TR %) RS A O R B A TR B AE L 2 A
Jiti fi CA
3.5.3 e R iz A AU AR A Kl K R 6 B
5 W 268 52 A 9 R Al L, 07 B 2 AR Tl AN ) T 5
IR, X5 HE A [ 7 35 g AL 0 190 46 4G 00 B T 4 52 i)
W& 4 PR o
HY 2% 4 AT, it 0N SE FE W45 5 Ay 32 B R ) A5 A5
(9 mAP iz 5 (87. 46 %0) L 4& T+ T 1. 94 41 73 &5 Tt il
CBAM 7& W 45 5 r Ry 32 B K ) 455 780 1) mAP H% i
Fd NN TE TR D) HL AR I B ) X b
Table 4 Comparison of detection capabilities with different

attention mechanisms

Attention mechanism r méP@ Parameter /MB
0.5/%

Baseline — 85.52 2.66
8 86.01 2.72
SE 16 86.25 2.68
32 87. 46 2.67
8 86. 32 2.72
CBAM 16 86. 88 2.68
32 87. 26 2.67
8 89.32 2.75
CA 16 88.68 2.71
32 90. 46 2.68
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(87.26% ) T+ T 1. 744 EH 43 55 s Wi i CA 7E YRR K r
A 32 B ARG AR AL A mAP B (90. 46 %), $2F+ T 4. 94
ANE Y S . BEBRE I CA B F R AT 45l A 3R
IR %) G 00 A B

3.5.4  RED % XAt M %] 2R 6 Y vk
X B AN [ I 2 T g G 0 5 28 1V e Y R i,
SHIR .

K5 AEER ) 7 K BE 1 X

Table 5

Comparison of detection capabilities with different transfer learning methods

Training method

Cross-domain
In-domain

Cross-domain—+in-domain

Dataset mAP@0.5 /%
COCO dataset-+ self-built dataset 90. 46
HRSC2016 dataset-+self-built dataset 80. 16
COCO dataset+ HRSC2016 dataset+ self-built dataset 94.33

N COCO FYIN 2R A R 7 [ e s 4 L gk 47 1l
Y A R 5 3T B 1Y 2 2T O 2 X A A R AT R LA B Ak
I 58 )5 7F HRSC2016 %585 45 Fi [ #lt $odls 48 1 47 1)
Y5 AFE BN AT R 0 2= 2] 7 25 i T COCO it il 2R A
RIS )5 7 HRSC2016 Fil 7 s 54 4 L kb A7 Il 5 /B R
P B 4 AN R S . B ST, B
FH 8 T A8 24 20 45 A BN 328 2 2T 1) 25y =X 0 A
R mAP e (94, 33% ), A% T B0k v FH %5 3 7%
5N TR NI X mAP A S T
3.87 14 17 A H 43 /53X 0 T ok 5 3l 6 2 20 45 6 35
IR 2 ) 1N 25 07 =M 5 5 3 B8 2 > I 2507
2, W3k 3 nT LA i R VR ek 5 s R R0 A1 T
A ofe (4 B THT 52 ) 5 AH 3 0 A A% 2 ) B9 I 2505 =X, g
JFH A FH A8 1 X ARG 0 A 76 38 4740 i A T L G 00 A 76 3k
G PR R 2o Bt AL 5 300174 R A 2 IS SR 25 7y [
3.5.5 RE A mEA &b 5

F 6 N A AL 4y 5 5 ShuffleNetv2-YOLOVSs .
YOLOv5s . MobileNetv3-YOLOv5s . YOLOv5n 7 &5 3¢
L5 AR G Jetson Nano ¥ JF 47 %F LE 52 56
My 4% 6 7] 0, A L AR DU RS B O 94.33%, M T

YOLOVSs #1817 2. 74~ F 43 45, M1 4 F ShuffleNetv2-
YOLOvSs # & 7 4.19 ~ /| 4 &, M & T
MobileNetv3-YOLOvSs & 1 7. 27 1A 70 sl M T
YOLOVSn #8255 T 24. 61 43 A AR 1) 2 80 N
2.68 MB, 24 ) YOLOv5s 1 38.23% , ShuffleNetv2-
YOLOv5s HY 48.38%, MobileNetv3-YOLOvV5s HY
75.71% , YOLOVS5n (4 1. 51 4% ; A S A5 0 14 2% 5050 K
6.2 B, ## F YOLOv5s 1§ /> T 60.76%, M % T
ShuffleNetv2-YOLOv5s & /> T 45.61%, # & F
MobileNetv3-YOLOv5s W /> T 1.59%; #l & F
YOLOvSn ¥4 T 51. 22% ; 1€ &5 i+ B ALY K15 4 70
&5y B h 200. 6 frame/s, 294 YOLOv5s 9 2. 1145,
ShuffleNetv2-YOLOv5s 4 1.33 1% , MobileNetv3-
YOLOvV5s (9 1. 66 £% , YOLOv5n (1 1. 47 £% ; 7F Jetson
Nano ¥ 19 B 15 5 > 4% H it 50 h 102. 8 frame/s, 204
YOLOV5s iy 2. 21 1%, ShuffleNetv2-YOLOv5s (1) 1. 36
1%, MobileNetv3-YOLOv5s ) 1. 70 £ , YOLOvbn HY)
1. 50 o 5 L85 F 40T, AR AL 70 7 o 2 3 JER R o A )
AT 55 LSBT ARG T S R RIUAS: 000 ) - A AR T
PR BEAS .

F 6 AN [FIAE RS I R LA

Table 6 Comparison of detection performance with different models

Desktop computer Jetson Nano

Model mAP@0.5 /%  Parameter /MB FLOPs /B (FPS) / (FPS) /
(frame+s™") (frame+s™")
YOLOv5n 69.72 1.77 4.1 136.7 68. 4
YOLOv5s 91.63 7.01 15.8 95.4 46.5
ShuffleNetv2-YOLOv5s 90. 14 5.54 11.4 150. 6 75.5
MobileNetv3-YOLOv5s 87.06 3.54 6.3 120. 8 60. 4
STYOLO 94. 33 2.68 6.2 200. 6 102. 8

XA R ORE 2R B EENM, 51 R
o3 PR/ INAE S 5T TS B RS R I AR, A e 12
s o v SRR AE O TN 25 2R i 2k RO AE O T
R gl 2R, R iR AR A5 R . i 12 m] R
AT RO AR o AT B ORI AR AR

HERY BT R 22 5 R B AR A LS 5 R IX
O BER/INE LA o BN B ) P A L L A O
At B 7N AT A7 TE T A L S S TR R G 1) R — 2D
WF5T .
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Fig. 12 Comparison of detection effects with different detection models
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Abstract

Objective  Ship detection plays an important role in military and civilian fields such as defense security, dynamic port
monitoring, and maritime traffic management. With the rapid development of space remote sensing technologies, the
number of high-resolution optical remote sensing images is increasing exponentially, which lays the data foundation for
research on ship detection techniques. Meanwhile, it is required that detection systems should have real-time accuracy to
match the growth rate of the number of remote sensing images. Traditional methods for object detection are mainly
accomplished by the construction of mathematical models or the use of object saliency. However, most of these algorithms
rely on the prior knowledge of experts and have certain limitations, which cannot cope with the complex and variable
background and the multimodal and heterodyne objects. Recent years have seen the rapid development of deep learning
technology. The object detection method based on convolutional neural networks (CNNs) is widely used because of its
strong learning ability and high detection accuracy. Currently, mainstream object detection models based on deep learning
are mainly divided into two categories, 1. e., two-stage networks and single-stage networks. In general, two-stage
network detection has high accuracy but is difficult to deploy on embedded devices due to a large amount of computation
and huge time consumption. The YOLO series, single-stage network detection algorithms, have received extensive
attention and applications due to their simple network structure and consideration of both detection accuracy and detection
speed. However, due to the poor computing power and limited memory resources of embedded devices, it is difficult to
directly apply single-stage detection models to embedded devices to detect objects in real time. Hence, we expect to
deploy a high-performance model to detect ships in optical remote sensing images on equipment terminals with limited
resources and space and achieve a lightweight ship detection network for complex remote sensing scene images to promote

the landing of the model.

Methods As the existing lightweight object detection algorithms based on deep learning have low detection accuracy and
slow detection speed for ships in complex remote sensing scene images, a lightweight real-time ship detection algorithm
STYOLO is proposed for embedded platforms. The algorithm uses YOLOvSs as the basic framework. First of all,
considering the high memory access costs in the backbone network, the efficient network architecture ShuffleNet v2 is used
as the backbone network to extract image features, which reduces memory access costs and improves network parallelism.
Secondly, the Slim-neck feature fusion structure is used as the feature enhancement network to fuse the detailed
information in the lower-level feature maps to enhance the feature response to small objects. In addition, the coordinate
attention mechanism is applied in the multi-scale information fusion region to strengthen object attention and thus improve
the ability to detect difficult samples and resist background interference. Finally, a learning strategy combining cross-
domain and in-domain transfers is proposed to reduce the difference between source and target domains and improve the

transfer learning effect.

Results and Discussions  After 100 training iterations with ShuffleNetv2-YOLOv5s, YOLOv5s, MobileNetv3-
YOLOv5s, and YOLOv5n on the same test and validation sets, all the evaluated metrics have good performance (Fig.
11), which verifies the effectiveness of the proposed algorithm. On the basis of the YOLOvV5s framework, ShuffleNet v2
i1s used as the backbone network, and Slim-neck is used as the feature enhancement network; the two detection models are
trained by cross-domain transfer learning. Compared to the YOLOv5s model, the lightweight model has reduced the
detection accuracy, the number of floating points, and the number of parameters by 2. 12 percentage points, 62.02% , and
62.05% (Table 2), respectively. To improve the detection accuracy of difficult samples and the ability to counter
background interference, we employ the coordinate attention mechanism at the intersection of different information scales
in the feature enhancement network. Compared with the results of the detection model without the coordinate attention
mechanism, the mAP of the proposed algorithm is improved by 4. 94 percentage points, and the number of parameters is
raised by 0.75% (Table 3). When different attention mechanisms are applied at the intersection of different information

scales in the feature enhancement network, it is found that the model applied with the coordinate attention mechanism has
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the highest mAP of 90. 46 % at a shrinkage rate of 32, an increase of 4. 94 percentage points (Table 4). A learning strategy

that combines the cross-domain transfer with the in-domain transfer is proposed to reduce the discrepancy between source
and target domains and improve transfer learning. The mAP of the proposed algorithm with the above learning strategy is
94.33%, which is 3.87 and 14. 17 percentage points higher than that with the training methods of cross-domain transfer
learning and in-domain transfer learning, respectively (Table 5). The proposed algorithm is compared with ShuffleNetv2-
YOLOv5s, YOLOv5s, MobileNetv3-YOLOv5s, and YOLOv5n on desktop computers and the Jetson Nano terminal.
The proposed algorithm achieves a good trade-off between detection speed and detection accuracy in the optical remote

sensing ship detection task, and the overall performance is good (Table 6 and Fig. 12).

Conclusions To address the problem that existing lightweight object detection algorithms cannot achieve real-time
accurate detection of ships in complex remote sensing scenes, we propose a lightweight real-time algorithm to detect ships
in optical remote sensing images for embedded platforms, called STYOLO. Compared to current mainstream detection
algorithms used in embedded systems, STYOLO can effectively improve detection speed while ensuring high accuracy.
On the Jetson Nano terminal, it has a detection speed of 102. 8 frame/s, which is approximately 2. 21 times faster than
YOLOvSs, 1.36 times faster than ShuffleNetv2-YOLOv5s, 1.70 times faster than MobileNetv3-YOLOv5s, and 1.50
times faster than YOLOv5n. The precision reaches 94.33%, 2.7 percentage points higher than YOLOv5s, 4.19
percentage points higher than ShuffleNetv2-YOLOvVSs, 7. 27 percentage points higher than MobileNetv3-YOLOvV5s, and
24.61 percentage points higher than YOLOv5n, which can meet the requirements of accurate and real-time detection of
ships in optical remote sensing images on embedded platforms. In the detection tasks of ships in remote sensing images,
visible images are vulnerable to the natural environment, which leads to the weakening of the target features and difficulty
in improving the accuracy of the algorithm. Hence, improving the accuracy of weak object detection by combining infrared

and visible images for fusion detection is a key research direction.

Key words optical remote sensing image; ship detection; real-time detection; embedded platform; attention mechanism;

transfer learning
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