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Abstract Single-pixel imaging reproduces scene images by modulating the light field to measure the intensity response of
the scene with a single-pixel detector. Compared with traditional imaging techniques that rely on arrays of detectors to
capture image information, single-pixel imaging excels in low-cost, broad-spectrum, and application-specific scenes. This
technique is a novel imaging approach that shifts from the physical to the computational domain; hence, many studies are
exploring efficient computational approaches. Owing to the powerful learning capability of neural networks in the
computational domain, deep learning techniques have been extensively employed in single-pixel imaging and have made
remarkable progress. In this paper, deep learning single-pixel imaging is categorized into three modes: data-driven,
physical-driven, and hybrid-driven modes. Within each mode, neural networks are further categorized as “image-to-
image” and “measurements-to-image” imaging methods. The basic theories and typical cases of single-pixel imaging
methods based on deep learning are reviewed from six perspectives, and the advantages and shortcomings of each method
are discussed. Finally, single-pixel imaging methods based on deep learning are summarized and discussed, and promising
applications include hyperspectral imaging, transient observation, and target detection.

Key words single pixel imaging; deep learning; computational imaging; neural network

WK BE . 2023-11-10; fEEIBH: 2024-01-15; FRABH.: 2024-01-26; WEBERXBH: 2024-02-20

HLTH.: HFE AR 2ERSE (62073068) | H e i 4% Fe ARV 55 2 & T 4 (N2204019) 3L T 44 I H 3 Bl 55 31 3l 70 ©

(2023JH2/101300179) i 2 Tl 254 H sh 4k FE R 8 5 5000 = 0 58 364 (2018Z2CX29) (i db & H A RE 24 3 42 (F2020501040) |
98B B4 (ZR2020MF 108, ZR2020MDO058) ok FH i BH4% i1 %) i H (23-407-3-01)

BIS1EE . ‘wangqi@ise.neu.edu.cn

IRE

FAC S o — R SE R AR S 1 B AL IR AU 2023 P DG 2 4 B O 65 B L R £ RAE 2 (ATIP2023) 74 SRS B

S AR AL Sy A 2B P T DA F Sk AR TR

1000005-1


https://dx.doi.org/10.3788/LOP232464
mailto:E-mail:wangqi@ise.neu.edu.cn
mailto:E-mail:wangqi@ise.neu.edu.cn

1 5 5

FEIB SR R R M B T b, R R g L
A FH B A% 2558 BB X 9 M b 5 0 A7 v Joi o 1A% i
I HE 330 R B 19 A5 X SO Sk Y8 A R S IR A%
B FIH 2 A AR 98 1 6 8 4 o = 4 i b
JE 440 4 05 il — RS AE 5, P38 R R B N — 4
ERER/S-RE /AU E = AN E NN e W e
R B S ASAIL 7 e Y SRR
AR RN AR A AR 2 LA A R I R
I3, 0T LIt A% G0 AR B AR TE vk it DR 1 e

AR R NG R E T & %, 1995 4F Pittman
GV A 95 BN AR S i 1 G R PR S T Wk
ST . BT LUR R T ol g8 g0 R S T
GRS Bl S A2 B 58 N B3 5 I 18 S #Role s
BTN H A A g8 TR 28 O TR AR X
AR W W BEA R AT T IR A MR T . H #2008
4F, Shapiro i FH 25 8] 5 ¥ il #% hin 28 6 i 70 2 A Bl
PRI, & 2 T3 %6, 5B T8 g, i
UEBH T 9 B A% A9 A J5T J2 ' 7 50 B2 19 — B SR B AR 5
AR A G REYE L [R) AR SR R R R
FEN GRS R AR5 T G X3 AE 1 23 8] 6
Tl 7 1R AG 9 A 7 D 6 vh %) 8 IS I AN TR] 1 2 7 AR
PRALBE B AT R ARG R A Y, R
HAR T E T R —Fh oA O K

R R R R R R 5 56 R B RR 0) FEAL
O RCR I SRRk 2 5, AR TR AR
G5 J AR T, 22 43 A% A — Ak g
U AG AR Ak R L R AR A B T — e
BER o AL E TS AR SR vL . BLAh (5 5 ab B
PR TR 406 B AR Y S B LB AR R AR B A —
B0, Ke T 4 B Bk I B AR RO RE A8 A R M
PETF BGPTSR R R 1 K
& o 2015 A7l B i G 3R BAR K I AR AR A A ST A
AR L RS (E B E IR R G R AR E
Xof e L BALAG 3E UAS B AR R I IF5R

UL AE SR, B N T8 REAIL A8 4 2T B9 Kl B3 22 DA
KU B 2 2] A G A 315 15 5 b 3 v e 3 R e
B AR ZWFIE N BB 2 S R R AE TR R
FHUR B b 22 246 S B CR AR T {5 B R B &
5 ORIE RE 30 n) RESR o o 20 I 4% 58 KA R 2 o) BiE
FIT 2 2% B4 56 28 10 s R AR 7 Sk PG 28 AR B 4IE T 3
BT BB AN PR K . A A IR S ER R Z WA
N B DAY D SR A R L T R T A 4 B AR ]
g B, R B % 2 IR A 4 8 A I e 4% P
TV A SR E bR b SRR DT Ry BLAR 3E R AR
W R TR 2

AR SCE TE TR IR B 2 ) A AR R B R
A G AR AR I EE o = b s i 5

£ 61EFE 10 H/2024 5 5 A/ B S RBFEHE
PR 5 VR BE 5 ] AR e 5 H R R 3K 2l 7 XY A [
W T 2 ) AR R U8 3 o B 3K g =X B K B X
LR A IR 32, A B IR 2l 455 2T AR ph 25 0 4% BT
T3 T A0 A [e) € oK R 4 o AR B TR A D i {1
B BRI AR 7 A 3R BE 5 ) i 4 M 2% R O
] i 20 AR AR Th B RS TN R R
T 1 LA T HE R B AU B Y 0 R O X AT R AT e X
L s B J X A SCHEAT B R A R 0 K ok kR
F=E2T

2 RIS

2.1 XBRGEE
o SAZ Y IR B R B A0 B 1 TR o BOE BRI A e
e B Y LY BUR S OE Y, B SR AR A
FEAH I Py AR b Fn e far #5 G #8 A (CCD) M BL L, Wik %
SR B8RSR A O SR B PR R AR I A R L R DB Y
25 8 P(x,y)# CCDMAALIC . THHE BG5S 5
BERBAGAE LTS H 0, k2 BDEHE H 4 (SLM) 53
B R 254 (DMD) B IR 6 3 . X+ — A FE
YR O(x,y) 56 i CHRIN Y SR 2O 3 H S, AT #5348 K
S,-ZﬂPl-(I,y)O(l‘,y)dxdy, (1)

Zead MU B WK% 545 8 O T AR T AR R 4R
T 08 4 5 37 9 A S A 2

1 M
Ou =17 2(Pi=(PY)(S:=(S)): (2)
i=1
laser
_«. ground glass
I(_,/ beam splitter
CCD
object
bucket detector ﬂ

B SRR AR R R
Fig. 1 Schematic of single-pixel imaging
2.2 ERBABGHEE
AR R B G B A B PF g — A b AR,
B H 6 PR — 47 1o B fF W 1R 3 5 3R0R
o —HEF ) A, FARER ARIAE I m] ik

S.=P.0, (3)
MR 5, A
S=PoO, (4)
Horp
S=[S.S..S;, -, Su]", (5)
P=[P,, P, Py -,Py]'. (6)
HR A 2 (4, DU A% A5 000 40 4 SR At i 02
0O=P'S, (7)

1000005-2



BAE PR R X TEWE A NMERW
Y R, D OB MAEAE /N T N, 98 i 46 B P JC v 5K
W, PR (4) 2 — A AN TR R, A R 2 i TR
[ 230 (38 P 7 v o R 4 RN VR A R i 2R AR S R
B (LB R D ARG 848 Al R R T
R MEE BEEOR B RAE ST B H AWK O N DR RE
1 B AE S TEM g 3 T KR A
Oy i = Ynunlyxi, (8)
Ay A B s e B15E 5 O KRB &R . W
i 7 A5 A R TR S /N G A D B AR R A
T EE A bR AT MR KR FERT LR IR
Sv1 ™ Py \ W nBn < 10 (9)
o T AR LE(S 5 SIS S 4505 5 e 2 — A il
SE )8 (H Ay e R A 0 R AR A, SR ik J7 R
hRRE . MBS T e W] O A IR SR A
L -

a=minla| stS=Piysa, (10)
150 PR A T 7 B AR B4 5 L BEAR A (8) B AT
WA P A4

2.3 BEMRBEZX
A 9 oy 32 90 2 A 2 R 3 b ke E 4G T vk iR AT
BTy o A R AR R AR v D 2 A A R B
S5, 0 5 SR B R AN [ s )RR 2 A ' B S
(19 R AR 5, I B R A% B 0k 3R IR &5 ) 1R il 5 e
LI 25 0 5 AT % , TSR F AT L 30 5 e, 75 5
Yok o Bt BRI R b 4 R R R R
DL ) 431 58 38 2% S0P S i D6 37, 7T LAl 3k o
P,(x,y; fo.fy)=a+ bcos(2nfox+ 2nf,y + ¢),(11)
S - FER VG 0 0 LGN I 5 b FR e LB 5
TRAIAIRL 3 £ £, 227 28 IR . A% 28 A0 40 £ T
N
S fuf)= || Pylaoys £ )02 y)dady. (12)
% 185 B o 4 U T 62 B 1 R B 00 7 3
N, B4 22 PRI 5 B3 200 A5 LA 0 P 5 9 RO
Si(fs )= B+ Sy (fi i), (13)
AP BN FOGME A 2R85B A8 3 15 A G
Zeiik o MR A O 2D RH B 0k 5 UG B o % K T A ) A g
(EPs
CUfo f)=[Se(fo )= S (£ )]+
i[SeeCf f)= S (f f)]= 26k F{O (2, )},
(14)
A FRoR 8§ kAR 4 o % H A5 9 1 45 5 AN [8] 2 ]
AT Y 45 40 DG 2% 80, AT DL AR AT A 5 ) 4R B A B i &R
I 52 B K I ) A4 L 336 05 4 D T UL 92 R
bRy s i Pl A5 ™, B
Or=1/2bk+F {C(f..f))} (15)
AP F SR A 4

F 61EFE 10 H/2024 5 5 A/ B S XBFEHE
2.4 REFZEIRGEZE
TR 2 2] SR 3R AR 7 1L MR O AE T H 22 )
SRR RSN R DN T P N S ) E DA
22 MR 6 B LS 43 A1 10 B o 2 AR i A s 22 1R
B B S pRER . LA BV A I 45 N L AP S I 445 i 1
P22 I 45 N B ) A 40L& FE 0] DL IR
A=f,(B), (16)
2, R B R AT 285 0 1 P I 4% I S R B
P2 ) 26 LA B AR 280K B/ MEA BB £ H AR AR
B— M BEA 58 BB OC R o UG 5 pR Bt
T 5l T R HURR % S e L S BSR40 A 8 I 2R B 4R
LR G %) T 288 S TR 4045 A\ il i 22 ] g Bl B O
F,F AR AL ES U 25 ) 265 KT 800 fe /M AR A pR 8K
Mol C RIG E E , R S S E i AR
5 B A G AR R A2 W S R R A B S O &b,
AL LLAR A5 v o i 9 i o
3 WIE ) AR R R 428
TETREE 5 2 M W & b, 3K 3l =G 8 F5 U1 2R
ZEWZE Y Tk o TR — b I % 5 4 R LA A AN [R) 1) 5K 5l
T AT I S, FE TR B 2 > BAR R AR G e B
9K 5 757 AT DLy Ry R B R s X S Yy K 3l =X
H A 9 8 2 32 B 2 o] e Ok 3RS A
b R G 0 e D0 A . B SR U, 32 7 16 R FE )
25 PLA T A K BCHE X, AT S ST T ] A R g G
R, BRI, BRI oL BG5S R BRI 5
i A WS 56 R BT R TR AT #LA Y kAR A, I
Wz TR RS B A AR A A . W PR 3 A R R
B RS 3G R il B — S W0 R b B R 2 i i
W 5 i 3 A ) PR Y 1 24 Ok AR B B 2 I 2% A S
B, DA BCH R AR RS . %0 R TR A RN AT i R
PEJ7 B BRI
W] 2 J s 1 AE AR TR A i A t RAE ] B D) 2% 45 4
TR TR R K] 2(a) B T BOPE 3K Bl B9 R A
R UL T M2 4% B AU A7 R S mSE R
Z [R] A 4 % 2 o S ok K e ) BSOS A it hn R A e 5
17BN 25, {45 1 28 ) 245 2 5] 3] B AR 2R IR IE 5 KR
Z IR B S R o K 2(b) R T W BROK Bl 1Y PR AR R
BT B AR R 0 3 AR i R R 2% 1 e S G
ok % 98 O 37 5 e R 0 FRR PR L A8 B — R SR
PUZRMAE o X 28 A H 1Y) 249 oS 1 8 5080 46 T = K
SRR 40 i A TR A5 1) ) RS UL {1 5 LS R
BEBENE Z B IR Ir . & BN RAE T -
T B K B AR AT TN 2R, AE A R AR
N8 A 212 ) 07 16 S 50000 I 28 v 45 380 A b IS i
J& 0T RO 4 VR AT WU S, (50T AR A R B ) e
PG Py L AU R AT 28 B, P 2R A7 AN B ) 3k A f A5 A
R B R

1000005-3



physical
model

P2 BEEEE ) R Z R b i Bk gl 7 2 () B IR 3 205 (b)
Py # R 3 2
Fig. 2 Driving styles in deep learning single pixel imaging.
(a) Data-driven; (b) physically-driven

BR 1B Sl 7 2 [, AR A0 A 2 90 2% 3 8 1 £ (0
ANTR] TR BE =7 ) B8 R A P A% B A B vk mT A o3 o
T RIMR B G iR 1 28 1 2 R T D (R B PR Y
2 0 258 AR O 1 o AR TR BRIk R R
18 R A < 374 B8 HAR Z AR B M IR el
245 R A5 A G SR AR S Rt R R0 R AT o e A
it T AR Sy i 28 060 2% 1) i A AT PR iR LUK O
JoT B B IR IR Al 8 0 4 7 AR R LA v B g B
T T AR AL PR A5 A B B sAR SR e G T+ )
(B B BB 7k i, i 28 I 205088 58 4 493 T8 R AR B3 125 3K —
0, 0 26 B4 % A R B SR INEL, )T R A 2dis e
o B BE A, 2 o D (B S S RGBT Y BR AR R
AE, YR B — 4> Fhy S5 36 4 D00 ) 30) o o PR 1) iy 39 s 1)
P {5 T S o 2%

PR 7 15 Y JE B R R P A 37 o 18] 3(a) #2219

/(@)

traditionall
method

)

L
value/input output

P13 TRBE 2 2 BAR R R h i A 2 254 . () R 2 [
187970k 5 () I i R 20 8 7 vk

Fig. 3 Deep learning of the role of neural networks in single

method;

pixel imaging. (a) “Image to image”

(b) “measurements to image” method

£ 61EFE 10 H/2024 5 5 A/ B S RBFEHE
25 % A\ AR R L 245 G AR G R R R Sk ny &
G st bt 22 W 45 T vk o 16 3(h) B A Sk BRAR R AR
B AH O H T MBI R B b 22 R 2% 3207 16 AN AU A
NI B AR 1 B A5 AE SR A, DAV 2 A5 4 ok 1) — 25 1A

4 Bl IR R o o) R R R

4.1 HENEZRF EBERIEHR”
TR B2 2 2] 76 MG A BT b i) 73z 1 S e 17 L
W R B 2 ) R R R . TR G AR I R F R
BAEARRAFE RN 0 E A BUR & A KM | b 2502 %)
G BT i AT OB B v o — b ELUE Y 5 32 02 o i 48 )
2 R AL BRE AR 51 A BAR R R X A8 G2 T Wk TR &
LB R MR S R AT R B R 5 D
TEZ B MM T BRI B, R
W I 25 R W, R R e 7S R 5 B S R AE R
AR 5 2 T Z AW O & 58 1 i BRI B
Ii] T AT R ) LR 0 5 )R . RGP R4y 328
TSR DGR B e 4 J8% R i FRL I A A G AR T K
S HH AR N A R (R B R PR LR A I £ Y
AL AT RE 2 FUS AT RE T ] A L o A R S ST
AT I A5 0T 07 114 54 4R U 2 I 408 2200, 2 20 X B G R 5 0
J B B E R H bR ARG H g A5 R A B 2 I 2R
) ol 25 1) 245 BIVRT A B Ry B ) A RAR . 2
> R0 AR S R R IR Ry
fo.:argmiang(OT)*OHz, (17)
0 =/(07), (18)
K .0, F1 O Jy Fils 4 vh % R 09 % e 53 v fH m o 2 A
B 5 BTG f, Ros e g AL =R KNG f o
53 3 7R P8 N 2R 58 WS, 552 B 4 B %) D) 2% A B 55
P28 Hi N\ 5 O Xof R FE 27 > [R5 A A5 3] 1 de 28 TR 45
Lyu %5 F1 He %7 1 Uk i FH % 7 100 VR B2 2 )
I I AE Y A, G BT 4 BT 43 ) 4 ) 4 3 42 )2 R
FEA P 2 2 4 i 1 A% 58 T A AR 0 o, b b
25 W 2% 2 o 52 W T e 1) MR )RR AE  OF AT LU Y
2 W T G 1 TG T ARG M IR, X AT G DG B
A5 B Y e MR RS RAREE AT 1 o, AR M 4R T BB Y
50 LE 19 2T 78 AR R AR 22N PR M A 0 S
i, S A R AN K 5 Fros W] LUE B 5R IS A AR
Jon i S WAL TR g 0
B Ji5 8 ok B 22 (0 BF 98 N B3R A2 vk 0 SR R
AN [R] 1 PG 0 i i 2 I 2 il A B PR R iR, 5N
) ) A% B e 25 A M4k R Uned ™ | A 38 B I8
JE o ML 3 BB 25 I 46 A O T I 45 R
LN CE S A F s Y S [ €T OBy S IR
fift P TR CRAETS B4R R BR R R) R, T R R R
F A B R T 5 BRI 2 A1, i S BT AR A 2R E
A S R R A8 B W AR AR S B
AR B A R 3D H A B A A

1000005-4



F 6155 108/2024 £5 B/BAEXBEFZHE

testing ﬁ deep neural i (grouncl truth )
; network model
3932 32x32 32x32
deep neural network model ;
L]
1
1 -
i hidd hidd ; ‘s-
resize en hidden idden output resize | .
lager ~  layerl =™ layer2 ~ layer3 — Q";per—’layer i
]
L]
'
1x1024 1x1024 1x1024 1x1024 1x1024  32x32 | 32x32
(b)
input Conv 1 Pool 1 Conv 2 Pool 2 linear output

P4 o I 2 T T TR AR 30 P 5 OBl IR 3l O 2 2 T T PR R AR b B T

Fig. 4 Neural networks for “image-to-image”

style data-driven deep learning in single pixel imaging™’

W (a) ik R 2 W 4% 5 (b) 45 B M 28 9 4%
. (a) Fully connected layer

neural network; (b) convolutional neural network

p=0.1

£=0.05

AnBEGR
- HEENE BENRNE

KI5 iz T R B A Jiifﬂﬁf}lizﬂhf“%jﬁlfl@%hﬂ%ﬂﬁiﬁ

Fig. 5 Single pixel imaging reconstruction results of neural networks for “image-to-image” data-driven deep learning””
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