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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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Fig. 2 Tllustration of the overall framework of CS-IM-YOLO, including three parts: CML, IDBN and FPN
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FUR ARG T 28 AR, A S i £ A A HRSC2016 1l
FEMERE . 5 WR TR 0 ARG A B R
B FUEMAP. B 10 B3R T W55
S 55 19 D0 £ (A0 A G 0280 2R

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

6 0K B2 5 1, CS-IM-YOLO £ 8 45 43y
91.60% ; £ A 1 % J7 1 , CS-IM-YOLO 1 13 43
5 87.59% ., H CS-IM-YOLO #5% 5 [y K5 B F1 4
A3 8 E R FLE N 0.90, CS-IM-YOLO
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Fig. 10 Ship detection results or CS measurements in

some scenes of the test set

TR X T AR RS A AP R 94.13% . Ik,
CS-IM-YOLO #J DLt 37 5 CS Wl & A #F 17 AR A
G, [ R A ARG T ) v A o

3. 27 BTk, CS W 1B (1 R /N5 43 B 45
KR MR A XK. T LA A R R AR
P4 L AP A 0 1 BB L AR SCIR T CS-IM-YOLO 7E
ANTE] MR T A9 A A G2 000 1 R, 45 SR an 36 6 TR .
WA, 38 AT 8N [ E, AT LA E] CS-IM-
YOLO 7E MRs=25% H110% I}y F1 #h £ f1 PR
Mgk, e 1198 . R 6 haf LLE 1, CS-IM-
YOLO 9 A fifs 6 0 & 78 MRs=10% B} Ltk CS-
IM-YOLO 7E MRs=25 % I} (1) fI #1546 0 4 g

&6 CS-IM-YOLO7E7R[E] MRs T B AL ff 4 il £5 3R
Tab.6 Ship detection results of CS-IM-YOLO under dif-

ferent MRs
b XB 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 B A A IR 5 B e b, D
UL JOFS 1 A 1A 20 /b, DA T 5 S0 A 97 G
M RE T R .

N T VAR 3 45 SENet B T BE
A SENet FEAT 11 Filt S5 56, AH W7 9 552 390 25 2R 4l
RTHR . AN,k 3 BN W] 0 B, AT LA )
“Darknet53+FPN” il “IDBN+FPN” 7£ MRs=
25% BFA) F1ARZE 0 PR i £8, tn & 12 fifoR . 7
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Fl11 MRs=25% #110% W} CS-IM-YOLO Jfi F Il & i
i F1 £ F1 PR il £k
Fig.11 F1 and PR curves of CS-IM-YOLO for measure-
ments when MRs=25% and 10%

F 7, 3 X “Darknet534+FPN” A “IDBN +
FPN" 1Y 52 56 45 2% 7] LA 43 #r SENet (19 P fig , A&
A UER PN T 2.29% , RN T 2.19%,
FIfER I T 0.03, APfHI N T 1.74% . Kk,

#7 7 MRs=25% B, SORS 3% & CS Ul & & il #f 4&
#HR
Tab.7 Ship detection results on CS measurements of

SORS scenes at MRs=25%

Fi 44 P R F1 AP
Darknet53+FPN 89.31% 85.40% 0.87 92.39%
IDBN+FPN  91.60% 87.59% 0.90 94.13%
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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 35 1 /9 % 7] L)
IR B TG A AR X2 P SENet B B ]
LN CS - R v B8 G i 4 0 A A R A 15 8
9T AT A AR A % SORS 37 538 46 5 i 38
PE R 4 5 5 e 7 AR Ak A 38 SR Ak Ak B
=R s S AEOR R T IR 7S RN I Sl AR ey 2 Mg
Ao Horh iz g R R R e B 1 15 E S 12, i
5 In) Bl A5, i MR S Y B (E B R 0,
Jr ZEWE R 0. 01, R LAN IS 18 43 S 1#
13~ 14 it s o A SCRHIINZR S 19 CS-IM-YO-
LO #E R fE MRs=25% B} % 18 1k &b 2 1 ) i 45
Gy b AT SE G AR N Y S8 45 AN 8 s o Xt
Fb A AR 78 TG B b B AN = Fh B Ak Ab BE G 52 56 45
B TR i 3 SR AE X SRR R I s . DR

K13 K4

I LATFIZE 24T LI 25 R L FE R PREAL T
0.84% ,RFEMET 8.76% , F1{HMAKL T 0.06,AP
AR T 6.74% . MR SHYEE 147 M5 3475256
ZiRTTUERPREMT 4.29%, REM T
2.19% ,FI{HFEME T 0. 04, APHFEIE T 3.62%
e8I HE LATRIERE 447 5056 25 5L vl LB B P R¢
ik 7 6.06%, RFEAR T 9.85%, FI{HFEAL T
0.09, AP{HIEMR T 7.97% . N, 128 ShEoH i v
Hr M 75 11 37 5 1R A A 2 AR AR ARE Y g AR I AR i
7 3 B 0 3] — R 2 T o A AR (HR
I S B — R JE 0 R L R A A A
85.54% , A H K 77.74% ,F1{5 4 0.81, M AP
fH 4 86.16% , 3% B CS-IM-YOLO £ Bl s 7] )
58 BN 1R A6 37 570 e A A

S T TAS R B %) SORS 37 5 43 B 48 45 25 11
T A SOOI A 3 S i AT R AR A B R A
B, BEAR o3 R A0 303 O 3 BEA8/4 R4 PR /8,
Qb R ()B4 3 S A 15~ 181 16 Fif s o % I
i B CS-IM-YOLO B fE MRs=25% B X ik
B 5 00 D0 A 7 S iR AT S AH N Y S 56 25 S
FOFT/R o R O R 7 B A B 5 R o o5 A0S 0
SR b P SIS 45 SR BT LA BT 3 4y P R A
BRLPERE RS2 M . 3R 9 B S LAT MISE 247 5500
GRFTUFEHPREMT 2.54%, REM T
4.38% F1HIEIE T 0. 04, AP K T 2.25% .
MR EE L AT RS 347 5L 0w 45 2L ] LLF 2 PR
KT 6.31%, RFFAR T 13.15% , F1 {H K T
0. 11, APHREIR T 12.99% . WL, 540 ¥ %
L 1) AR 2 AR ARG AR TR0 A ARG T SR o (L 43
/8 I R TR R RS B2 Ol 85. 29 %6, A [l
9 74.09% , F114 K 0.79, Hl AP {i &y 81.14%,

5o AR A Ab P 5 R

Fig. 13 Degradation processing results of scene A in the test set
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Fig. 14 Degradation processing results of scene B in the test set

8 MRs=25% BL/EH SORS 5% CS MR EMAMK LR
Tab.8 Ship detection results on CS measurements of degraded SORS scenes at MRs=25%

Y5 P R F1 AP
ToiB st 28 91.60% 87.59% 0.90 94.13 %
iz B 90.76% 78.83% 0.84 87.39%
i U A 7 87.31% 85.40% 0.86 90.51%
iz 2 AU - 1R B M 85.54% 77.74% 0.81 86.16%

FI15  MHRAE b 5 A Y AR o0 Bk 8 4k 145 2R

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

B 16 MR 4E R 375 B G 5 AR 20 1 R A 8 2%

Fig. 16 Reduced resolution processing results of scene B in the test set
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Tab.9 Ship detection results on CS measurements of re-
duced resolution SORS scenes at MRs=25%

Ry LS 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%
SPEER/S 85.29% 74.09%  0.79  81.14%

XL CS-IM-YOLO #2384 7] DL 58 AR 53 B % 4
S 114 7 s 00 8 L P O AR O

17 % SORS 37 54 (1) CS W 5 {8 3 47 0 9 46
WA SCHE T CS-IM-YOLO £ 7| 2 455 76 iy A5
U152 G0 4 e 4 0B i C ML R0 2 4 A 0%
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