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KRG BINULSAM iz Z AMH AR BZMEFI RN BV BER RE ATEFRABAXNFEAEMNESR, KAKR
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Ship Detection and Recognition of Optical Remote Sensing Images for Embedded Platform
HE Xinyu, LU Chenxin, FENG Shuyi,OUYANG Shangrong and MU Wentao

Shanghai Aerospace Electronic Technology Research Institute,Shanghai 201109, China
Abstract The construction of a maritime power is a current strategic direction for China’s vigorous development. In response to
the low detection and classification recognition rate and slow operation speed of existing deep learning-based remote sensing image
ship target detection and classification algorithms on embedded platforms, this paper proposes an improved Mix-YOLO network
model based on the Cambricon-MLU220 embedded platform. The model is based on the YOLOv7-tiny network as the basic
framework. Firstly,the MobileNet series network module is introduced to replace the feature extraction network partially,reduc-
ing the network parameter volume. Then,the ULSAM attention mechanism is introduced to enhance the network’s learning and
classification ability,reducing the false alarm rate. Finally,in order to make the detection speed improvement effect more obvious
on the embedded platform,the network model is programmed by splitting the large module into small modules. Experimental re-
sults show that the Mix-YOLO algorithm reduces the parameter volume and calculation by 39. 70% and 29. 70 % , respectively,on
the basis of the original YOLOv7-tiny network. The processing frame rate is increased from 97. 27 fps to 120. 88 fps,and the ac-

curacy is improved by 7. 7%. It can achieve real-time detection and recognition of ship targets in remote sensing images.

Keywords Optical remote sensing image,Ship detection, Lightweight network, Attention mechanism, Embedded platform
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Structure diagram of Mix-YOLO
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Structure diagram of Mix-YOLO backbone network
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Table 1 Comparison of capabilities of MobileNet-block replacement
Model mAP@O0. 5 Params/MB FLOPs/G
YOLOv7-tiny 0.612 5.939 75.2
YOLOv7-tiny-Mob 0.535 3.353 35.4
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Table 2 Comparison of detection capabilities of MobileNet-block

applied at different positions in backbone network

Model mAP@0.5  Params/MB  FLOPs/G
Py Py, Py, Ps 0.535 3.353 35.4
Py.P,,P; 0.546 3.358 36.6
P, .P; 0.587 3.387 44.7
Ps 0.618 3.500 52.9
— 0.612 5.939 75.2
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Table 3 Comparison of detection of networks attached with

attention mechanism

Backbone Attention R mAP@0.5 Params/MB Flops/G
Py, Ps - 0.525 0.587 3.387 44.7
Py, Ps ULSAM 0.607 0.603 3.389 44.7

Ps — 0.582 0.618 3.500 52.9
Ps ULSAM 0.704 0.689 3.581 53.5

3.3.4 RREAEE AT R I

F T BAE B Mix-YOLO W 4% 78 52 8 )6 2% 18 2% & 2 1Y
OR300 SR 1) A 00 A SR 24 T T I A A e Al A A 0 A5 Y
(YOLOv7-tiny F 2617 YOLOv5s M 4. YOLOv5n [ 4%) 5
ARSCH BT T XS g, B ER 4 1, YOLOv7-tiny 571
PO AOF S Y A B e v, By LE T A Y o A R ST A H AR R DU
R B2 AN A TR b H b A5 AL BT B AT S G oy L (R AN S B0 A
SR K N G P T R S R RN S I B AR R R
X SR VR L SRR T 2 MUk 1. YOLOvSn Y
ZHEMITER RN, A YOLOv7-tiny BRI 1Y 28. 4%
32, 1% AR T K ERY B AR 6% A R CR A
SEBR T RE M S A5 E 3R . YOLOvSs /& YOLOvSn B9 9 3K iR
A LHMEGEER G T —F . S8R SRR L F K
BE Lk A PR
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Table 4 Comparison of capabilities of different lightweight networks

Model P R mAP@0.5 mAP@O0.5:0.95 F1 Params/MB FLOPs/G
YOLOv7-tiny 0.682 0.616 0.612 0.458 0.662 5.939 75.2
YOLOvSs 0.710 0. 494 0.522 0.349 0.583 3.384 49.3
YOLOv5n 0.536 0.418 0.355 0.290 0.470 1. 689 24.4
Mix-YOLO 0.751 0.704 0.689 0.552 0.727 3.581 53.5

Mix-YOLO W % 09 & U & B 5 68. 9%, # & T
YOLOv7-tiny # 7+ 7 7. 7%, # % F YOLOv5s & F+ T
16. 7% . 0% F YOLOvSn £ F+ T 33. 4% s Mix-YOLO M % [
S B A 3. 581MB, 49 K YOLOv7-tiny B 60. 30%, &
YOLOv5s i 1. 05 £%, & YOLOvSn 19 2. 12 £%; Mix-YOLO
T & YOLOvV7-tiny B4 820 T 29. 70 %, t YOLOv5s il
YOLOvS5n 43 534 i T 8. 52 % F1 119. 26 %,

IR B et R N RO 3 o SO B o [
ST I B AR E AT M B, B 6 SBT3 AR (R 3 5t 00 A A
W43 2R B BOR B . 5 1 (Scene 1) & M 4E 15 15 45 &
FRY I B0 . A 20 A B B 8, BT 1 i s BRI A 8
AR S . Mix-YOLO /] RUKR B A IS 58 45 4 I 30

Scene 1

Scene 2

Scene 3

YOLOv5n

S 3K s YOLOvS n A6 0 350531 3 /8 L Ah 28 A s YOLOVSs
Rz R 1 AT s B, 4 A8 Al R 5 YOLOvVT7-tiny
KR 50 6 A8 Ll 2 AR AR . 3% 5% 2 (Scene 2) Al 5% 3
(Scene 3) il A 43 15 17 B0 458k B B, 40 906 B 2 9 i 2s
JIR 3 A Lt 255 0 RS R 1 AT A BRI L 2 A K KO L L
fE G A 2SR . A2 DL A 3 B Mix-YOLO W ) 68
A %K Hb 58 X T AT AR B A AR ) YOLOvSn K i 49
S HE 1A A R L3 R A IS A R 1A A s BRI L 2 A
IR P AL M 5 YOLOvSs & 0 P30 B 3 A8 fib 25 s A 1
AL 2 BRI L 2 A8 3K B 3K B 5 YOLOv7-tiny & I 35 51 44 2
T AT 2 RE AR L3 A LA AL AN 1A A B AR L 2 f IR K
FIR AR

YOLOv5s

YOLOv7-tiny

6 AN T i 4 190 205 A 0§ 30 405 TR

Fig. 6

25 R[] % 5 G I 4% 6 S [ 2% 7R A A 0 G0 3 )
B M FE R  mAP@O. 5, R 5 A 1, Mix-YOLO £  (1)
FOR P ARG 0 3R B R A b YOLOV7-tiny, YOLOvS5s, YOLOv5n
AT, Mix-YOLO #2575 3R 4738 8 2 o A A = B3
BN R BT —E R R R AR AR,
BT 46 2 E00 B TR AR SR U A B R A, IR 5 A
MR T 06 . TEAS 35 B 4R G I B TS5 JEONY i ik
Gy AN IR T RN LA T AR B AR KN . BRILZ AN E
A I S B i D 1 LT R BRI 2 T AT Y
BRI FE o o] 2 L 25 20 500 58 /0 R I B R AR AN 85
A 1R 5 B T AL ol U 31 o 0 3R, S S % 0 6% T 11 B
H,

5 N [ AT S T 4% A0 A G S 54 2 X L

Table 5 Comparison of results of different lightweight network for
ship detection and recognition

Class YOLOvV7-tiny YOLOv5s YOLOv5n  Mix-YOLO
DFC 0.642 0.610 0. 300 0.726
Amphibious ship 0.807 0.619 0.502 0.852
Aircraft carrier 0. 864 0.838 0. 550 0. 955
Civil ship 0.467 0.276 0. 206 0.511
Other 0.278 0.267 0.217 0.401

Comparison of detection and recognition effects of different lightweight networks

3.3.5 #AXFEALER

FEIR AT b 2 0 406 T SO SR AR A B, I 2k
AR R B BRI MLU220 R4 LB T HEE LA — &
FREM T M. B S0 8T & B MLU220 1545 4 i 25 2R
BB, I %A R B [ B35 43 T 0 A AR RO A — A
SUIEAT  IXREFERE PR 1 E 47 S B e B 0 3R 2 R e eI, PRt
TE 0 25 1) 25 o 7 0K AR 43 /B () T 46 FR L Ak LA
R4 RS FERBES) XA T UM KM & 5 A R, R E
7 IR 19 Mix-YOLO R 4% F1 YOLOv7-tiny ™ 2% 43 5
AT AT B 32, Mix- YOLO #5750 4b 38T 2% 3k 120. 88 fps,
YOLOv7-tiny 155 2 4b BEMT K 97, 27 {ps,

GESRAE XTI HR A (0 ) 45 AR T, () A i o AR
U A O O S Il & - - SN 8 1 2 e S
YOLOv7-tiny i 45 AE 42 IR 45 % F 52 2% 3 5¢ /9 LA B b 6 )
FLA 3 AR A8 03 28 A /N ik A 20O & AR TR R
SRR K WRAKAY A, L MobileNet 2 41l 4% 0 £ 1 $2
TR I 4% 0 A AR 2 3T B3 R L S B L R TRy T ke B 4O
BN R AURFF A S B AR TR SR . B AR SO A T
e, BT Mix-YOLO B &L, X Hp IR J2 45 AiF 48 BB (9 45 2
K YOLOv7-tiny P#5 9 ELAN #5780, %] &5 J2 48R4 5% Fl Mo-
bileNet-block 7E b & HU M 45 , I A ULSAM ¥ & ) e, #2
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