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Abstract: The compressive sensing (CS) -based space optical remote-sensing (SORS) imaging system
can simultaneously perform sampling and compression by using hardware at the sensing stage. The system
must reconstruct the original scene during the ship detection task. The scene reconstruction process of CS

is computationally expensive, memory intensive, and time-consuming. This paper proposes an algorithm
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named compressive sensing and improved you only look once (CS-IM-YOLO) for direct ship detection
based on measurements obtained by the imaging system. To simulate the block compression sampling pro-
cess of the imaging system, the convolution measurement layer with the same stride and convolution ker-
nel size is used to perform the convolution operation on the scene, and the high-dimensional image signal is
projected into the low-dimensional space to obtain the full-image CS measurements. After obtaining the
measurements of the scene, the proposed ship detection network extracts the coordinates of the ship from
the measurements. The squeeze-and-excitation Network (SENet) module is imported into the backbone
network, and the improved backbone network is used to extract the ship feature information using the mea-
surements. The feature pyramid network is used to enhance feature extraction while fusing the feature in-
formation of the shallow, middle, and deep layers, and then to complete predicting the ship’s coordinates.
CS-IM-YOLO especially connects the convolutional measurement layer and the CS based ship detection
network for end-to-end training; this considerably simplifies the preprocessing process. We present an
evaluation of the performance of the algorithm by using the HRSC2016 dataset. The experimental results
show that the precision of CS-IM-YOLO for detection of ships via CS measurements in SORS scenes is
91.60%, the recall is 87.59%, the F1 value is 0. 90, and the AP value is 94.13%. This demonstrates
that the algorithm can perform accurate ship detection using the CS measurements of SORS scenes.

Key words: ship detection oriented to compressive sensing measurements; compressive sensing; deep

learning; joint training optimization
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Fig.1 Illustration of the pipeline of the CS-based SORS imaging system to perform ship detection tasks, where digital mir-

ror device (DMD) denotes a measurement matrix in the CS-based imaging system
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Tllustration of joint optimization process of CS-IM-YOLO

E'8 HRSC2016 3 4 # 4 4E & 1%

Fig.8 Part of HRSC2016 dataset

x3 XWIHE

Tab.3 Experimental environment

E¥o Ubuntu 18. 04

RAM 32.0GB

CPU 4.10 GHz Intel processor

GPU GeForce RTX 3070, memory 8 G
DL HEZL Pytorch

P BE A BR 5 — 1 1 416 X416,
3.3 XWSH

F 4 R CS-IM-YOLO il 4 19 2 B ik & .
% &3 GPU NAE 8 G ¥t it R/ANREE 8.
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Tab.4 Training parameters Tab.5 Ship detection results on measurements in
BRI AL BRI 4 0. 001 ) £ 157 515 HRSC2016 dataset
Optimizer Adam i P R F1 AP
Learn rate 107° CS-IM-YOLO  91.60% 87.59% 0.90 94.13%
Batch size 8

3.4 iFfkiEHR

PO A8FS S 00y o D AE 5 R i L ST HE 22 [R) A
4 B B AH 22 It (Intersection over Union, loU) 3
s, HAH R A A (14) Froi

IoU=——, 14
0 S (14)

Hor o S 2 T AE R EC S AE B B AR, S U
2 T 000 AE R L S ATE Fr G TR

W I 25 R 5 59 Z [/ A ToU=>0. 5, 1
B HE o EOE AY IEAE AR (True Positives, TP) o
U 2R ToU<20. 5, WP e SO0 R IEFEAR (False
Positives, FP) o A il 2] 1y 558 H bR o0 5
Hy i BEAS (False Negatives, FN) o A B Al 77 [n]
i AR AL AR o, HOH B A X (15) ~ 58
(16) 7= :

Precision = L, (15)
TP + FP
TP
Recall—m. (16)

SR, 1 T4 R A I R A B0 R S
B, AR SCH AN T FLAE R AP EAE I iFAG 545 . F1
(B 2 K5 P R [l 38 2 ) AS S i 0 25 5 4R s o
APERC BT M 25 PERE M SR T &, B E LT —
HAFIR A MR W EOR R . A SCGHHE T 2 ToU
BAE R 0. 5B AP{E . FLATAPRTTFE ik

H(17)~(18) 7w :
Precision X Recall
F1=2X — , (17)
Precision + Recall
1
AP = Tl zPrec'isi()n\,m.a,,:,,. (18)

res

3.5 XWHER

7 MK CS-IM-YOLO XF T+ CS M & {i 1
O ARG T A SR, A S 3 B4 A HRSC2016 11U
FEMERE . 5 R TR 0 ARG RS B R
B FUEMAP. B 10 Bm T W58
Sy 55 0 0 5 (AR G 82
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Score_threhold=0.5
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(a) MRs=25%H:}CS-IM-YOLOf FCSill & {8 1 F 1 {E i 2%
(a) F1 curves of CS-IM-YOLO for CS measurements with
MRs=25%
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Recall

(b) MRs=25%H}CS-IM-YOLOF] FCSilll & {E Y PR{E %
(b) PR curves of the CS-IM-YOLO for CS measurements when
MRs=25%

F9 MRs=25% B} CS-IM-YOLO H F CS ll i {5 /Y
F1 M PR i £
Fig.9 F1 and PR curves of CS-IM-YOLO for CS mea-

surements with MRs=25%

K I A BE 5 1, CS-IM-YOLO #8145 43 oy
91.60% ; 76 & [0 & J7 i , CS-IM-YOLO 9 1% 4>
H87.59% . H CS-IM-YOLO 5 R {5 & J 1 44
[ 2R 1] £ 2] 2§ F1{E 0 0. 90, CS-IM-YOLO
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(a) [FIa =
(a) Ground truth

(b) MRs=25%H CS-IM-YOLO
X T C S 2 PR AR A6 0
R

(b) Ship detection results of CS-
IM-YOLO at MRs=25% for
CS measurements

P10 0348 38 43 375 5t 10 i) (0 AU AR A 000 26 2R
Fig. 10 Ship detection results or CS measurements in

some scenes of the test set

TR X T AR A RS B AP R 94.13% . Ik,
CS-IM-YOLO #J DLt 37 5 CS Wl & A #F 17 R A
G, ] B 5 SAF A6 000 £ 2 G

3. 271 BTk, CS W B 1 R /N5 43 B 46
KR MR A XK T LA A R R AR TR
4 AL 0 1 BB L AR SCI K T CS-IM-YOLO £
ANTA] MR T A9 A0 A G 000 1 B, 45 SR an 6 6 T o
W Ah 38 A BN [ B E AT RL A E] CS-IM-
YOLO 7E MRs=25% F110% i} ) F1 fh£& 1l PR
Mgk, i 11T~ . NE6HFATLLIEH, CS-IM-
YOLO B AR Af 4 58 78 MRs=10% B} b CS-
IM-YOLO 7 MRs=25 % s} () A8 fis #6: 00 4 B 22 .

&6 CS-IM-YOLO 7FE7R[E] MRs T B AL ff 4 i £5 3R
Tab.6 Ship detection results of CS-IM-YOLO under dif-

ferent MRs
BXB r R F1 AP
10% 90.72% 78.47% 0.84 88.57%
25% 91.60% 87.59% 0.90 94.13%

X2 PR Sy I A A IR s B e b, D
U9 P AR O A 2 /b, DA 5 S50 kAR A9 A
(M B T B

T VEAG 3T R4 SENet BB 19 T fig L -
T4 SENet AT 711 Al 92 56, AH Rz 1) 552 56 25 21 4n
TR AN, BN W 0 A, AT LLAS )
“Darknet53+FPN” fil “IDBN+FPN” £ MRs=
25% WY F1 R4 0 PR i £8, an & 12 fifoR o 7

Class:0.84=ship F'1
Score_threhold=0.5
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e e
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0.0 0.2 0.4 0.6 0.8 1.0
Score_Threhold
(2) MRs=10%HCS-IM-YOLO A Tl & {HH F 1k
(a) F1 curves of CS-IM-YOLO at MRs=10%
Class:0.90=ship F1
Score_threhold=0.5
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A = S
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Score_Threhold
(b) MRs=25%]HCS-IM-YOLOF T & {E /I F1#h 2k
(b) F1 curves of CS-IM-YOLO at MRs=25%
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Class:88.57%=ship AP
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(¢) PR curves of CS-IM-YOLO at MRs=10%
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(d) PR curves of CS-IM-YOLO at MRs=25%
Fl11 MRs=25% #110% W} CS-IM-YOLO Jfi J- il & {if
1 F1 i PR 2k
Fig.11 F1 and PR curves of CS-IM-YOLO for measure-
ments when MRs=25% and 10%

F 7, 3 4 “Darknet534+FPN” Al “IDBN +
FPN” 1Y 52 55 45 % o] LA 43 #r SENet (19 P fig , A&
A UER PN T 2.29% , RN T 2.19%,
FIMEEM T 0.03, AP{EHIE M T 1.74% . Ak,

®7 7£ MRs=25% Bt ,SORS 37 & CS iUl £ 1& il A7 4
#R
Tab.7 Ship detection results on CS measurements of
SORS scenes at MRs=25%
15274 p R F1 AP
Darknet53+FPN  89.31% 85.40% 0.87 92.39%
IDBN+FPN 91.60% 87.59% 0.90 94.13%

Class:0.87=ship F1
Score_threhold=0.5
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(a) F'1 curves of “Darknet53+FPN” at MRs=25%
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(b) F1 curves of “IDBN +FPN” at MRs=25%
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(d) PR curves of “IDBN +FPN” at MRs=25%
12 MRs=25%  “Darknet53-+FPN” #l
+FPNYH TR0 F1MZE R PR M £&
Fig.12 F1 and PR curves of “Darknet53+FPN” and
“IDBN-+FPN” for measurements when MRs=
25%

“IDBN

i F SENet £ Bt 25 2 i7F Darknet53 3= 1 /9 % 7] L)
IR B T A AR X 2 P SENet B B ]
LN CS - {8 G i 4 0 AR R A 15 8
g T VT A AR A % SORS 37 538 A6 5 B 3E JH
PE X 4 3 st e AT IR A b 3 AR Ak Ak B 4 Oy
=R s SR R T IR 7S RN I Sl ORI ey S I
Ao Hor, iz g R 1R R R B 1 158 12, i
5 In) B A5, T MR R Y B E B E R 0,
J5 288N 0.01, B AAL S B9 E8 53 3 5 a0 &
13~ 14 fir s o A SCRHINZRE 9 CS-IM-YO-
LO # R fE MRs=25% B} %18 1k &b P i ) 2 45
Gy 5t AT 25 ARV B SE RS A5 R AR 8 s o X
Fb A AR 78 B b B AN = Fh B Ak Ab B 52 56 45
F LT i 3 SR AR X R R R A S . DL ER

(a) TRA
(a) Ground truth A (b) Motion blur degradation

processing

(b) BB AL AL P

SIWEE LAT M 24T LI 5 T LI B PREAL T
0.84% ,RFEME T 8.76% , F1{HMK T 0.06,AP
EFEAR T 6.74% . MR SHYEE 14T %S 347 5L 5
i WA LLE B PREALT 4.29%, RFEAR T
2.19% ,F1{HFEAE 7 0. 04, AP &R T 3.62%.
8 WS LATFIEE 447 5090 25 5 ml LU 3 P&
ik 7 6.06%, RFEAR T 9.85%, FL{AFEAL T
0.09, AP{EREMR T 7.97% . NItk , 38 shHH s
iy M 75 11 3 S AR 1 0 2 I PR TR i T R
FLWT 3 B 3 — 2 50 e R AR HR
P & B — S Y R R A R S B
85.54% , AWK 77.74% ,F1{H 4 0.81, M AP
K 86.16% , i Pt HH CS-IM-YOLO £ Bl 7] L)
52 JGT IR A 37 55 0 (R %) A A A

N T PR B X SORS 37 5 43 B R 5 9 1)
T AR SOOI 4R B 5 R AT R IG 43 B R Ab
B BEAIG 53 B R A 25y Sy oy PR/ A R4y HER /8,
b B R84 S an P 15~18 16 s o SR A I
)5 1) CS-IM-YOLO B fE MRs=25 % B X &b
PR 5 0 D A 7 S R A7 S, AH LAY S 56 245 AR
FOPIR o K AT T A B AE b7 5 0 9 56 A0 40
AN B S 45 R, AT LA AT 3 5 o HE R AR R
BERPERE R SE MR . 3R 9 B 58 1AT AR 247 S5 40
iR LLER PR T 2.54%, REM T
4.38% ,F1{HFEAL T 0. 04, AP{HFEIE T 2.25%
MR OIS LAT RN 34T S0 45 2R T DL B PR
il 7 6.31%, REEAL T 13.15%, FI{HFEAR T
0. 11, AP T 12.99% . WL, 75y ¥R
25 ORI AR AL 2 o TR ASE 700 P A T S5 2R o (LIS, 0
2R /8 Ji I A5 TR U A DK B2 oA 85. 29 %6, A [l
K 74.09% ,F115 5 0.79, M1 AP {4} 81.14%,

(OF=2 L SBEI R (d) JZ B RS-+ 25 TR A B AL,

(c) Gaussian noise degradation Pl

processing (d) Gaussian noise degradation

processing

E 13 MHRAE b 5 A IR fk Ak B 25 IR

Fig. 13 Degradation processing results of scene A in the test set
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(a) 5B (b) ZENBIR AL AL TR (OF1: B ER R (d) 32 BN+ e e 7 AR AL
(a) Ground truth B (b) Motion blur degradation (c) Gaussian noise degradation L3R
processing processing (d) Gaussian noise degradation
processing

P14 4 b 35 B IR A Ak RS 2R

Fig. 14 Degradation processing results of scene B in the test set

#*8 MRs=25% BL/FH SORS % CS R EMAK LR
Tab.8 Ship detection results on CS measurements of degraded SORS scenes at MRs=25%

Y5 P R F1 AP
ToiB fh4b 3 91.60% 87.59% 0.90 94.13 %
iz Z M 90.76% 78.83% 0.84 87.39%
1 U A 7 87.31% 85.40% 0.86 90.51%
iz 2l U - 1R BT e 85.54% 77.74% 0.81 86.16%

(@ FHA (b) P /ALL T (0) 7 HR/8 40

(a) Ground truth A (b) Resolution/4 processing (c) Resolution/8 processing

P15 AR 3 55t AR AR o3 B 58 4k 1 5 2R

Fig. 15 Reduced resolution processing results of scene A in the test set

(a) FRA (b) PHRF /AR (c) 7 Hre/840 B2
(a) Ground truth A (b) Resolution/4 processing (c) Resolution/8 processing

B 16 MR 4E 375 B G 5 AR 2 i R A L 2%

Fig. 16 Reduced resolution processing results of scene B in the test set
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®9 MRs=25% MBS P EFH SORS = CSNEE
AL AR Y 45 SR
Tab.9 Ship detection results on CS measurements of re-
duced resolution SORS scenes at MRs=25%

Y5 i P R F1 AP

SEER/T 91.60%  87.59%  0.90  94.13 %
SYHER/4 0 89.06%  83.21%  0.86  91.88%
SPHER/8 85.29%  74.09%  0.79  81.14%
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S 114 7 s 00 8 L P A ARG O

4 % #

1T % SORS 37 54 (1) CS W {8 3 47 0 97 46
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