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Abstract  Spectral images contain a wealth of spatial and spectral information, enabling them to
effectively reflect an object” s composition, structure, and material properties. They have significant
application value in aerospace remote sensing, medical diagnosis, and machine vision. In recent
years, spectral imaging technology has got significant attention and emerged as a prominent research
area. Conventional spectral imaging techniques scan along the spatial or spectral dimensions,
enabling the sequential acquisition of spectral information from the object’s surface. Due to the
extended exposure time, these techniques are unsuitable for capturing dynamic scenes. Coded
Aperture Snapshot Spectral Imaging (CASSI) is a cutting-edge technique for spectral imaging that

allows for the rapid acquisition of spectral images of dynamic scenes from a single exposure. It
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consists of “encoding dimension-reduction collection” of high-dimensional spectral images and
“decoding dimension-increase reconstruction” of low-dimensional measurements. Early research

“encoding dimension-reduction collection” stage, aiming to

on CASSI primarily focused on the
enhance the effectiveness of image encoding through physical system design, including the design
of coded aperture and dual-camera system. At present, the physical system for the “encoding
dimension-reduction collection” stage has become fixed. The “decoding dimension-increase recon-
struction” stage plays a crucial role in determining the quality and efficiency of spectral imaging.
This paper presents a comprehensive overview of CASSI reconstruction algorithms, which aims to
provide readers with a detailed understanding of the inner workings and intricacies of the various
algorithms. First, we introduce the physical system and forward model of CASSI, providing a
detailed description of the components and hardware parameters of the physical system and deriving
the mathematical expression of the CASSI forward model. Second, we outline the characteristics
and challenges of CASSI reconstruction, which mainly contain the forward model, prior represen-
tation model, algorithm flexibility, algorithm complexity, and real-world datasets. Next, we
summarize the current research status of reconstruction algorithms, including optimization-based
and learning-based reconstruction algorithms. The optimization-based reconstruction algorithms
employ convex optimization models to address the challenging linear inverse problems effectively.
These algorithms apply crafted prior representation models, including but not limited to smoothness.,
sparsity, and low-rank, to tackle the inverse problem’s inherent ill-posedness. The learning-based
reconstruction algorithms take a different data-driven approach to establishing prior representation
models. These algorithms leverage the power of deep learning frameworks, such as end-to-end
networks, deep unfolding, and plug-and-play, to effectively solve the reconstruction problem.
With the capabilities of deep learning, these algorithms can learn and fit the underlying patterns
and structures within the data, leading to enhanced reconstruction performance. By contrasting
the optimization-based and learning-based methods, we comprehensively understand the diverse
methodologies of CASSI reconstruction to explore the inner workings and potential benefits and
limitations. Furthermore, a thorough comparison is conducted utilizing various evaluation metrics
to assess mainstream algorithms’ reconstruction quality and computational efficiency. These metrics
include peak signal-to-noise ratio, structural similarity, and spectral angle mapping for evaluating
the reconstruction quality. In addition, model parameter count and floating-point operations are
utilized to measure the computational efficiency. Finally, the shortcomings of existing work and
future research trends are discussed. The unresolved pain points in the current field are identified,
and potential research directions are highlighted, providing valuable insights for further innovation
and advancement.

Keywords snapshot spectral imaging; coded aperture; image reconstruction; optimization model;

deep learning
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FhE a4 (Digital Micromirror Devices, DMD) 5
AL AR T T80 1) 79 15 3% ) AN 248 o 1o O % AL kL
TEAGZE AN DS TE 4 i £ 71 1 78 A9 i [ 45 384, 1 1]
GPSR 8 #5R fi CASSI & 4[] 1. Mejia % A% )\
VA5 445 vl R0 i i A 4 7 T 2% L AR RE R B R R
S0 W 25 TR LA B TR i SR R L % T 1 R
GPSR B 0. Gelvez 28 NP1 48 Y DL i 25 36
IR 516 38 11 g 1E D0 35 e 57 P AR 80 I 4 i GPSR
BRI % T AL CASSL A& e P4 31 T 5 k. GPSR
REAER I EHA R B LR FERT .

AMP S5k J T A 2 1 AR, 5 A R S v Ak
W J5 S A% BA e i I S . Tan 48 AWV 42
HH ) FE 4k 40 0 % T B AMP 3R AR 3 A ep i 45 0
FE I T RS 5 v 1 ik A 2k A g I b i
S B S BUARE (1 CASST H 4. A T TwliST
B M GPSR Hik . AMP 5L 0 T sh il 1 2 %
ot A fgfe 2 0 5 L ) 2 ST [R) S A M ST SR B
Ao KL

TEAR B S5 VR T i S B, DA SRR 3 Ol
VE R R 7 ), 7252 U7 50 B )L T GPSR B .
Wang 55 N CASSIT XUAH HL 5 55 3K B 4 £ &
Gorb 2 o) | N L 3 5 7 R DS G A O E E
AN 4 0 AR 2 18] i A 22 &[] I 4K 52 37 5 1) 9 B2
BRI AR S VR R 2 AR R R R i
ALl IS Y R 48 IR 7 PERE. 1At Wang
S NE B4 23 [A) R0 G 1 24 32 0 9 Ja 3 AR (004 L 42 1
T H AR R B #R 5 % 78 (Adaptive Nonlocal Sparse
Representation, ANSR) /%, ] F| = 4 5045 n0 4B /)
TR AEALL M 4 = CASST SRR AL 2 S0 1) )6 15 0 44 ot o
(7] BN 2 7 — AN IG5 R DL B8 L 3 N b 2H B O
P A5 AR DL B2 R 4 0, TR AR AL e 2 1) 6 AR BB
BEEU AT R A AR B R B i e v AR
Gt PG A 1) ) A 3 AH TR AR

OMP 532 J& X% 58 DE it i B (Matching Pursuit,
MP) 5325 i i it Bk T B A AR AR S B A S |
ANTF] T GPSR 5535 1Y ™ A Ak 2 3 S8 ARFD DL i 7 AE
2. Wang % N 4%} CASST WAL R Ge e il 17—
EOGIG AR £ Jr 58 4 3l 5 4 6 M HILR: B iR 4
@RI, i CASST R 4R A W 4O 3 Tk 46 B4R %

T3 R F OG5 4 B2 10 45 A8 AR ABL P o DA 4 5 331 v 2
A ik 5 A e, T A R TR B OGRS L. Zhang
GV T OMP 55k i el 7 % TR
O 1% A R PR S A R S DI A AR B S 5 X i Y
A FR A ] 5 Al 5 A K T R A A R AR
R H L PR AR T R AR MRS L %7
CASSI &4t I i#t47 T 5 uk. OMP 55 3% 78 49 i i 5¢
F 7 LI X T 3 R Y 5 TR AT IE A A AL B i S
JEE R,

B b3 3SR A 71541 s Yuan 88 AP 42—l
DU 307 5 2 o B RLFN AN AR 55 125, AN CASST WL i
B RGB BRIk & 2 > 6 5 8, fig e CASST
KB (7] B Rajwade 55 N0 HT B o 72 H R
3 #F (Beta Process Factor Analysis, BPFA)UY i gt
T 4 SR ep B8 P A T T, HG v, o7 i /N RO B 8
() -S38% 37 5 A v 2 27 25 BB ) A S ) —
Wi B3k, Correa 5 NN i — Rl F 2 43 Ho%
PR Y CASST A4 5125, 15 S F A AR 23 98 3003 &
18 FE A AR 43 B% 25 115 10 o 5 5 B &1 o ) B g
o3 BERIOGIE IR 207 15 BE 98 4R 15 A W] 25 8] 73 BE
R EA SR H AR 75 5L T R R 4. Zhang 55
NP g RGB AL i 17 i 2 52 30 F 5 I 7
PN CASST ULV &1 15 i o A4 56 5 1112

LT 5T 30 1 R R DA PR A A o 7 R I
R 1 S A B BAT R4 R & R . SR
TEDLAG I A8 b 286 5 ¥ 3 K v 4k BRHiE 3R Ry )
I ECHE PR S SO eSS (E B BR. IAh IR T
SRR TR BT IRIH AR R,

4.3 ETRUERHEMEE

PG 1) Bk RE 4% SR AE 1R A5 B A 3 T A5 N e
L AR R RS R R AL RO A DG A A
A CHHOCE S R ARk B, 22 T I AR PR
ELAT R R R £ M L 3l R R IR O B A
Ll 2 X — V5. ARG E AL U DR /M R )
Pk A B b ST A AR 2 SR R X ) Y R R
WhZ— Bt Xt CASSI [ Ay i i 17 452 78 , B T R Bk ST
gyt 7 A Tl n =X (1D R

fc:argxminHy*(Dx I5+7 *R(x)
Hrr, RC) FRER L.

e EBR e RO R i = B gk i R R 1
FRAT 22 SO 2. FE 60 B0 00, 320 SO
X AFEHTF Tucker 43 % & LY Tucker Bk Al
T B8/ F 4T X F (Candecomp/Parafac , CP) 43

an
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1) CP #k. H & H 15t Tucker 3 fiff ¥ 55 4 7k & 73 i
0 o R R 2 A R T AR B A e L, Tucker £k
RPRT A — 4 Je 1 45 B 1) Bk 2 s CP 43 i v o oK it
R 1 kEZ AL, CP BRI RE 1 3K & 19 & /)
.

SE IR G XER" " Tucker 43 1 % 2%
iR A2 s

X=GX A, X, A, XA+ 2 (12>

Hp, ge RV R0 ki, A €RTT A €
RY Ay € R 43 5 38 7% B 2 B HL 4% AN 4
W () 5 A BB 3E » Z3RR I 3R 22 5K ik

=X A2) Fr s % o3 45 30 B8 - n S5 BE L W] F
B FH A7 5 {8 43 fi# (Singular Value Decomposition,
SVD) 255 B 73 B J s AT W58 SR B /)N b
M FRIE — AR M ULk IR L J& NP iR, Sy 1 Ak G 7]
FELI SR A 3080 AR /N Al R I B Bk B Ak Dy Al /NE B
W 1) 2 S (L 22 F1 s BRAE DG AL H bR 8 4 Ry 45 2 e 2 B
() A2 G A 3 T D TR A A SRy — A AR A )
L. ST A A AR T A 5 (13D i

3
X=arg minz 1A, .
* n=1

3
=argminz Za,.(A,,) s.t. y=dx  (13)
* n=1 r

Ho |« | BRI o Co) FR M B A S8 -
Fe A 2 m A S (R0 T B

FHEE T Tucker 43 fif . CP 43 fi AR 15 1 5K 52 19 &
HEREPE L BEAS KA o it o 2 rp I 25 0 £ B AL Bk
SRR I (1D FrR

K
X:Zjak"bpekJFZ (14)
k=1

Hprel[1,K],a, €R" "'\ b,€R" "' e, € R " 53]l
PRI GEEE T B L ) &L o " FRR e B N AR (Kro-
necker Product) , H a,°b,ce, ¥ il — %k 1 ik &, K
FonFomB 1ok g Bk XD KR W 0 ff L R
WA 4 Fis.

K 4 CP 4 #27m 2 A
B QLD Fr R B0 AR A L JHE 32 0K A O i
A5 i B (Conjugate Gradient, CG) 5y (]2
% K AH (Expectation Maximization, EM) 2y 4¢,
CG FyEIE 0 B2 S, 380 20 6 2 R B 2R g )
FESLBT A BRI TF TwIST 535l GPSR 53k, Fu

A NSOV HE A3 1) 2 B R0 O A B AR R S 0 g
CASST A4 i s AR T ) HT A AZ Y5 50 B 3 7
R A S A W) B 5] OA A () 4 R A AR JRy FR A {21
PEVE D # AN 1 5650 (5 B Cheng 5 AW 2% B 5] — 2
Te] 5 B 2 R I TG v 3 20 A A5 8] B A AR 3 ]
A IR A ] - D' T I 5 AR S 2 HE — oA g By
A S AE WA T 20 SRR ok e 0 SR A B L 5 5
CG kR ff CASSI # 44 [0 8. Zhang & A0 42
HH 4 B ) A Bk 5K B K B (Dimension-discriminative
Low-rank Tensor Recovery, DLTR) & &I 1| 5| A~ [A]
HE R SR R % A B SRR DG BHR AR )R
FIAFARL P S 7 = 2 e B 5K i P9 S AR Y5 BOE
A 29 DTLR 8, 55 5 38 N 2% A8 G % #1R
18 3 18] F AR BLE | 3% ) AH S P ARG 5 A S i Al
M CG BE K fi CASST A )@, CG Bk AA
TP Ik 2 ) 52 2% AR MR SR e P s . HE s
TixEZSH.

EM 5kl i & AR AT B LR Al 11, & — 38
T BFR. Yang 56 NUVR T 0 Gl R LSRR 3
AR A SO 00 55 7Y 0 = A T TR S R R
(Gaussian Mixture Model, GMM) , [&] B} 7E = ¥t th
T3 2 50 9 BA I WA Bk 2R s i 42 R ) ARG 2
gtk CASSI H A4 )8, EM A T4 IR G
K+ 43 fi# (Mixture of Factor Analysis, MFA) i 2
B Wei 2 AT A4 06 18 BO0E 19 = 4R M KOk
TR 9Bk 1 sk R D A R 45 S8R B
T (Alternating Least Squares, ALS) & ¥ 1 EM
RRAN I =4k sk = i R BR 1 ik &L OR i CASST &
F ) B, EM S 110 52 2% FE AR 25 5 W8I0 ABLAR M
BT BB e Ak » HLTE SR il e 4 ) 80 I 25 ) B A JRy 8
2/

B b3k R % 7 95 Ah He 88 AN 254 25 )
A JRy 5 AH ARL e AT Bk R 1 A 7 O Ak TR) A 4
FTVd 52 R A , 38 3 K45 00 16 1E 5 358 40 B A
S LUK Y 52 T B S B IER A2 DR 7R Ja 2 AR
i, He % A7 5 Xk CASST BUAR BL 2 45 - 48 th 4 1%
A5 G B 25 18] A PR R 43 o Ol o R RN A ) R
B9t it CASST UL P 12 A1 RGB B 553 53 4l 3
R TE AR A 3 AR b T kAR B e A AR R B
RE % R0 PR TR S R, Liu ATV S5 6
T P8 1) Al Sy 308 A AL 4 A0 AR A e e A 4 o S A
BEX CASSIT $2 i — A& JE M A A 558, 54 A
ADMM 5K i

LTI S5 50 110 R Bk RE A8 Xof ey 4R I 1) 4
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o f B AT e, HLAE il AR bR SCfF 807 1 A
e SR o Bk 0 SRR gk =3 AL 19 48 R 3 3 WU O
HLIEMZR BT 5 P 7 W A5 BB 3 B S Jok
PR A

5 ETREFINEMNREEZARIER

R R BRI — R A B R T 2
06 T+ A R R 3l RS REVERR S H AR ek R
HAZALRE T A BR. TR BE 2 ~J D L 1) LR AL 1 3 149 fot
PJ7 G FAR ML L 5 T ORI 2 > 1 T F A0 SR
B 38 3l 14 75 3 R BLAE R B HE v 2 ) — ek L
IR RN B, ST AR ) A
LM T IRE 2 ) B L B = A%

(L) S E . 5 T 1% S8 R T 1R i A A 1]
RN o 308 22 22 U 3 A AT Je PIE A 1 [ S8R IR
e T i 3 g TR B 27 ~J 1) 7 15 BT N G AR Y A B
A 23 B T 3 e T e PR A A T 2 M A 4 B o B
PR A R PHAT HE R 2 RO A IE T T
SEIPEAE 55

(2) AR SR, 2 GE W6 EA U 58 8 W T
2200 R T AL X e 0 3R 45 A R TR DL IR
HE 2455 BT A B A R AT 55 B, By e AR
A PEREIR L. TRIE 2 2] 7 5 2k T XU 3R 3h . £ 5
RO RTEE T - A RO A Ge it o ML L bR
R, SCUGUE ], B TR 24 ) D7 i i L I S R AR
R 38 B A A Rz AR RE.

(3 A ATy 3. IR 2 ) Ik 2R Tl 2 R 2%
S AR AT M 2% 2 BRI E S R 1 A
PRI 7 e 2 I 24 5 TR FE 8 3 00T AT 5 pR AR A
TG A AT 55 v bf 2R I 4% B 5 4K S 5 K 4R
PEAUG RE T+ 27 1 WER 1Y) S5 55 2 s BT B 4y b 24 3
IS TR

He T IR 24 > i 0 5 M) P i 2 0 45 ik R St 3%
A (] B R 3 A ok B BF 5 PR AR R B R AR
AT 3 F IR 2 A A L n ST T LT =
ME SR 52 B « i 1) i 2 ) 28 AE 28 | R4 RV AE B2 0 IR
JE RETTHEZL.
5.1 ETwmEREMBZIERNEREZ

22 19 2% SR — ol A AR — PR AL BE AL L il 3o 2 1) 1
LS BB LA AR AP AT 15 21 W 45 45
TR i i e 45 2R G SR AE BB O i 2 95 (End-to-end).
e T i ) i 4 ) 45 AE 2 14 R R L R i 4 0 4%
[e] P 52 B 51 46 £ 5, S A8 A O % Kl 0 5 A AL

DA AR S 8 B R AT . R A R
5 R, g RGBS x UL IR y Ot A AT
%0 HAR R LB R R gy .

E4EE Ry
i 1 ity o) 45 AR 7Y
g y—x

P 5 S i 4 0 2 HE 2%

B O 1% A AT 55 Rk T g 3 i 4 T 4% HE SR 1Y
Do 28 455 R 7T 43Oy < JC I R AL A O 25 A5 R |
FAE G 3R B AL 28 B R R F 3 B L
] 1) Do) 245 5L 7R

To R ST HLHI ) P9 28 15 R 2% TR RREAY B 1 Bl
A48k, Yorimoto & AW # Y T — Pl (9 2% A B
P CASSI H 4 [ {5, B FH 43l 5 2 1) 3l R0 O 3
S B A A OGS I DA B 19 O 22 R 4 AR
Iril if il F MixConv 257 B AL G2 46 U2 DL 20 )
%24 Wang % NV DL g R B R A6 R 1T
A8, #2 ) HyperReconNet [f] B 52 # CASSI 4 £ 45
BRA A RO 15 5 F5 A . 1% 2% i 25 ] 5 ) 4% FlO'E
T 28 20 B 43 30 A 2T 2 ) 4k FE RO % A B 1) i
SR IA B A E R K BinaryNet ™
B T B A0 G i A AN P i P % i S R AP Ak
HyperReconNet BRI g5t un &l 6 (a) fr s, B 2 4>
T 2 20 B, 43 301 S B A 1) 4 BE DG % 2 RE 0 R
TR TG ML A N 25 245 A T B HL PR i = AR
P HLH A5 B AR

1B G L B 12 AR A5 S b A AR
T 38 [A] A PR, Fu F1 Zhang 48 A0 i —Fi
TEVE R M 2% DETL @A s (] 2 FE G 1% 4 B2 10 A1
KMk NS B B 4 v 2 ) IR EE SR I A5 . IR B A
AR 2 E AL 2 0T 2 ) i A CASST W #1145 1
PRI o e 45 6 A BB AN N R 1 S 56 1 B A
AR DEIL 9 (25 25 # an 151 6 (b) B /i, P A
[7i) A5 X0 R 2 A Y ) O 2% 25 g A ) o 32 R0 2% SR T HE &
A L& BT 38 3 43 57 W 45 5 ke 2 >l GE R ).
Yorimoto % NN 254 £ W B gk 22 W 45 i R AL
il 4k H0 — o R IR 2% 455 U fi e CASSI 8 i [ i, e
o gk 25 2 T BRI AR AR T R OB T
A T) 4 i OGS ZE 32 rh 8 3 0 1 5 8 SRR AE 1]
. Wang 55 AU $2 H —Fh 3 & 5% 22 I 4% (Stacked
Residual Network, SRN) fil 7 CASSI 5 #4 Fl ¥4 45
A XIS ER R . fE SRN B RLELAE L, 32
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(a) T IHLH——HyperReconNet (4% 4 14

R4 By

(¢) BEESIHUHI——TSA-Net A4 251

LR Oz Oeesz | REpz

SZEERNS O © Sigmoid QILHRKH D u KM

6 CASSI 4 i 7 9] 4% 25 44 R = IE

T T GE R ) B R B ) CAE-SRN HEZE, #)
JFH il 22 0 288 TSN 135 A B2 A9 AH O M TR Al T ol 2R 1 [
Gean . AL g = AL BEGS R 45 B A =R BR AR
TUARVEE A o H A DA R 1 B 2 HORT , 7 R S
A S 1 B A AE SR BR.

FE T I HLH 5 7E 72 48 R0 A P9 38 B AH B OC &
Miao % NV CASST #2114 & F 44 B BRI 4
A& B BB T B B A R Y. AR A B B L A5 A HTE R
J7 4 T BE P 2% (Generative Adversarial Network,
GAN) Il U-Net * 2% > B R i 4F J& 3 A7 A1 5F 2>
G AL 58 B O6 T KR TR L B B A /B
U-Net Fl15% 22 9 25 53 31| $2 T+ 2 A6 385 18 38 1Y B R B
F i . Meng 45 AW (8 AR A 1 € Bk 56 2 90
T CASSI R4, 3 i i TSA-Net R LU T JE %
75 35 ) 2% 6] 4 B2 G 1% 48 1 /9 A SCHE L R A
B ML 4 T A RS BE. TSA-Net [ 5 25 45 44 4
& 6 (o) TR » B Hh Hb e g 26 HE N 19 I 4% 235 4 [m] o
HELRHE. P25 L U-Net R4 N IEARNELL , Bl & T

B ALE] K 228 U-Net B 2% rfriy 3 4~ 4 RS B
Bt ol ok 256 BUR B, 78 )5 28 TAEH , Meng % M
xRN AE BGIR E AT 5 B R AR
P 265 25 ¥ AN AS IR R 51 AR R DL TR AR
RIPERE. Hu S8 ASY &3t 7 —F A B e )
PR 22 [ 248 52 R ' 3% 248 32 1) AH O M ) B 78 H A bR
Borbom AR A 2% L 4 T e A5 Y 0 A i . Cai
2 N\ g5 Transformer BT 32 MST W 2%,
IV R R AR O 1% A 0 1 ) A oL A
T8 R L I — BB AR 51 S AL 32 38 CASSI
YRS AR 7E A L R e AR . AR S AR,
Cai 5 AUV 42 H CST M5 A iHE B £ & W E&R X
3, I8 A Transformer B 1% B 1 25 (8] £H 5
P, Wang 88 NS5 S HEB TR B I M4 821 T GST
AR, 300 2ok A A A A 1) N e R T T AR A
CASST R Gufe 45 AR 1 & B k. 78 5 28 T4
Hr, Wang % AN"" FI H Transformer #4545 JEIK A 4
Kot s N CASST G B4R Hh 7000 15 2 1) T A M
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T PR AL AE 5 R %k, Cheng 25 A %3} Transformer
R I R PR L O RNIN 300 56 4% Ol 3%
KR, A = 1 L RE 0% 4 3R B B AR OC & B
R IS B A8 AR R AR A S i B L 1
FOH 5 i R 0 A7 8 1 T R B

B T v ) v HE 22 0% F B VA T A v R T R
PG FDULIN [ 45 22 18] B IR A5G 2% 5 28000 BB 4 L A
T e PG R PR SR T 5 M2 T 1 R 2R G i 1) A R £ R
T PR JRy B O3 i [ AT gy S B 1 B R Ak
52 ETRERFIERNEME X

BB JF (Unrolling/unfolding) {E 2R B2 5 T
A A TR R Ao 25 50 24 A5 Y K A0 A B Y e 1 Sy B 90
T 51 90 T00 5 ) FH 507 O vk R R 28 I 4% 3 J31) R fie
TZME LR A% 58 3R A AL 7 X8 TT 21 22 B B 28 A5 A
Hh SRR B B B RIOE SCIE AR I DA 21 3 1
Jr AT N . 25 € WL ARy B T IR 2 Je T HE 42
MR A AN 7 i, b, X SRR i A G
AR B R B Bk

PR P 4.y T G
PRt )
i A vo‘
lx((ﬂ “ ‘-
| s TR | |
I — T A1 S
| s !
- ST R 3 o
Pinlniniabaie A bttt N B
| RERE T A i MR |
T e R |
V| BRI S ! e ST

7RISR BIE

BEXS G EAGAT 55 . REAE FIUR BE S TTHE 2 255 1Y
FEU T v Bk AL A IST 53309k L F — k05 70 2 (Half
Quadratic Splitting, HQS) .1k \GAP 5.7 1 ADMM
7

T IST &3, Zhang 4 AP 42 1 ISTA-Net
T B K R Y 40 AT 55 . B AR g, A T pp 22
PO 2% 1 I £ P 8 46 ik e A g 5 5 E Uk AH OC Y 3
i R T [ 850 o [4) I DA A M B 2 >0 11 7 =X R ) 4% 2
B 2007 vE Boat R0 i R R R AT R L IR
JE J T 7 A AR A S50 0 B Atk T 2% A

CASSI F AT 55t - Zhang 5 NV 45 & TR HE & IFHE
ZRRTIST 55k fifk e Ol 35 PR IR TR 4 IR AT: 55 . 42 10
HerosNet ] 3 ] £ K B 1O 335 35 44 19 2% 1
A AL, BLAk . by 1 0 55 70 1 2 fb M 0 R0 1 L 42
HE Bl AR BE T W AR DL AL B AR B I 7 T i Bl S
w3 GG RN AE H ST B B i BROEUIR A L I A HE
ZoAE CASST Fif [ A AL |56 0F 1 8. 3 F IST ik
BT TR B2 i 1 HE 42 B 6% 3k fo X RIA8E 4 [ oK 3 is
TR RS

BT HQS 5k, Wang 5 AV 45 &5 0K R IF
HE 2242ty DSSP A5 A4 figg e CASST 4 1] 1, 3% 2 TR
JIE T HE 2R AR Y % TP 4031 B N L IR AR LU
B 3K 2l 1 7 32 20 6k G I R A S 1k AN Bl 24
FEPE IR0 R 0 S e (5 S HE T @ 7R J5 2 AR
H, Wang 858 A I A% B B 1) 43 ekt #f  Joi , 4
S FT T AR IR E SRR B 25 HQS Bk
FE T DNU B R 245 B LU ALY 75 2 il A )7 36
FI (5 B TR RIS g (5 S . 78 CASST &4 4% 55
BUER T RITHEfE. Zhang &5 A0 45 4 1% 3 J T AE 28
I HQS k4t 7 TLPLN A, iz B A L F CP
RIS R 2 A8k 1 5k &0 AR ) 15 63 &
B IRRR R 78 AR R JE 30 0 W] B DR 157 1818
25 1) 4k BE RG34 BE 19 1 F 30/ B Cai 88 AN A
CASSI % it A5 A v 790 00 1 345 250 408 0 1 ) 1) 48 57 R
B, A 25 R 2 56 T 4% 1 M R AR g, S B E ) B
BB 35 R [ B Transformer #4585 335 1414 19
e SRR EPE. B T HQS 5 vk % 3 19 % R T HE
ZRAE TSR T T 2k ACE L T A
sk

HF GAP 5k Meng 58 AU 45 45 0K J T
HE 45 1 9 4% B 780 G AP-Net , % 8 %1% FH 1 4 B 4
28 W 25 AR Ry i T CASST B A AT 55 F b B AL
PR AT % . Wang 28 AN 454 Transformer 32 4
GAP-CCoT ML Y, H 3= TR 2 th 1% 42 45 B2 A
Transformer 241 % 1 43 32 ™ 2% . 1 T 5] 05 48 2 56 3%
BG4 R 45 ¥ 15 8 R R 6 40 5. 3 F GAP Bk
BT I TR B T I HE SR AL S50 o A .

T ADMM 7% . Sogabe % A 43 H1 T HQS
SEVE AT ADMM B33 X5 008 £k 0] R 1 i i B L 7 R
JEJRFFHEGL R L 51 A W] 2% 2 S 5004 P Fh 3 1k 2 (a1 4
B TR TR R SO

B b T i 3 325 Ah . Huang 46 AN CASSI
HA (] 84 A8 Sy 5 R A R (Gaussian Scale

3
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Mixture, GSM) #5115 K 5 50 A8 28 4k 1 ) 8
P — PR EE M M 4522 2] GSM Bl fE R H T
AL A () A i RO 2 B 2 ) A A Sk AN iR T
R DU A AR AR A R A P 1 57 %) [m) A0, ) A
W 2 N 5 v o e AL,

BT T B T O HE B 1 R b B 1 0 2R 5 ) A Y
EA RIEVE FAL R, AT R R s, SR L B B[]
5B ARTERUR . HOAZRE SR M R EoE — 4
B o DR D) R S 2% Y B B AR R
Ve
5.3 ETHMIAERNEMNEE

AP 4 AP F (Plug-and-Play , PnP) HE ZRL00 B Fih
A5 AE SR L R R TEHE L H A AR M o R B
S AR TR TN it 25 I 2% 55 78 1) 25 45 . PP HEZR AR
[F] Z AL A T e B 3 T ik AR Ak O =X, B Bl Tt
R . FE DG TS B AG AT 55 . RIA BT HE 22 B 6% A1
I i BB A W O AR AR i R Sy B TN S 0 T
B2 T B SR fige B00E IT R P T 5 ) 4% A 7R SR
fif e B L. 25 5 WL ARy de R kAR B 1T, Bk
RBP4 B HAE L S i i AR an 81 8 . Hopr, x© 3%
RHIE ARG R e [1, 0] x ™ TR o IRi%
R4

JE4EE By K e

O

T 2R o5 < )
] 4

!

L EAC/ I

AR

8 RV B HIAE S8 3 A

Bt X 6 T EE AL AT 55 . BE S 0 R4 B AE SR A
f14 =5 9 30 o Bk A F5 ADMM B8 fl GAP 553k,

JEF ADMM H 3 . Chan 48 AW EH] T X
B R LM g . PnP-ADMM AE 885 0] i 85 2 5 a5
oy RIVA RV FAE 27 T 4R A2 JEUAT: 5 0 L T R I T
WS, Lai NI T FhIRBEOGIE 2 AR
G —HELL Ak 2 A0 A (A1 5 25 e L AR A L 0 B
RMEMRAE B AE N 1 2 5 PR 2 J5UT 55 I HE LR
PRI 088 U 2 AR A G | b 8K 3 4 M WG P 25 2% &1 X s
6 AR AT e S B iR bR D' i AT 15 25 MR TR AL kg

A E 2 AT 55 T T 25 0 A5 R gk 42 4 A 2] PnP-
ADMM HEZE v, 3 7¢ 187 ] CASSI 1 B H A F 55
FEUE T A &L M. Zheng S NN R T — RO
i 2 1k 0o 245 5K HoAf A EI) PnP-ADMM HE 4L F1 PnP-
TwIST HEZL v, 2 W 2% R A% = > 25 [ 24 i #0635 4
JE e 30 B, - HLZE BHE ROH g A 45 9 0y T HL A%
ARG Meng 8 AN T —Fh B B AE 48 A
CASSI ) [ 8, 3% J7 148 R 2 I 25 1) b 22 ) 2%
ELHE N 5 0 R 45 D ik b 2 ) SR 06 15 B, JF K
25 AL 13 PnP-ADMM HEZL . e A , 32 HE 42 i 1)1
SR 6T B R 25 e 480 g A SRR T % O B
FLS BN A P M S BLA  #E %, PnP-ADMM
HE Z0 0 7 e i AEL T O 4 B RO B R
AR B R ol 3 A a8 GE o 2 ) 1A
R LN

3F GAP 53k, Yuan % A0 ADMM 53
HR ) IE DU 4 O L LA 4 L F $ H PnP-GAP
HEZE , B D\ 2 B e SO0 0 P 42 v Pk 52 8 e T A A3
%7 e CASSI R ) 455 1 B 29 o) H AT 4 ey Ui 84
PE. Qiu 2 AR HAS R 2R ) 2 58 R RE 6 I 4
AR S PR AR B 251 9 4% FEDNett "™ A1 25 [] 3 1
FrEAE RSB 5 B FF o B IR A 48 L 7E PnP-
GAP HEZE rpr, 5280 CASSI K& T #4. 4 b T PnP-
ADMM HE4E , PnP-G AP HE 42 iy 355 52 7% B A . i
SR TR

JF RV ROV P R 48 1 R SR 2 T BRI SR
PR BT AR A R TR T I SR i 2 1 R
HE A 55 i S0 R AT g e SR i A R
A 1) v TR 2% R B0 28 O T RS T S
155 He Ak B4 B AE 22 58 5 1K R 47 1 0t Ak
e 2 R A% GE A AL Bk T A .

6 SRIEXfLE 5o

T ARG 2R 52 24k J3E o P A T Jo i A
RO AE AR R R BEI 52 RIGAT 55 1 5 0 37
IEVERE R PG JE O B B AW Jo A 4 g i AL AR R
HEOL T B U i) W B 2 AP A 45 A Ukt
FE I 23 B 31 A9 EE A S A e Je R A T R TR
¥ IS5 R Y P 0 2 B0 B A Bk TR R,
PSRRI SN o G T I
6.1 HFE&HSFMIER

O8RS RE L T A A ] R0 A [
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5 BSO8R 3 45 21 9 R o 45 R A g 2K Z » PSNR K, UG PR BB . 25 22 To e s ]

PEEE AT 25 . b SO 4R 1 Dy i B v, o

7 2T A T R G SR AR B AN AR . A
DI A AR RO R AR TICVIL Bl 2
Harvard $t#g 40  CAVE %t #2 07 F KAIST %%
P I 9 iR,

(¢) CAVE## 4 (d) KAIST¥#i4:
B 9  CASSI HMAT 55 # M8 4

ICVL $t#5 416 H Specim PS Kappa DX4 Y%
AT AL 201 MR ER . BiE KR B 31 A
Ty 20 A 1% Y Y5 B 400 nm~700nm. Harvard 24
£ CRI Nuance FX SGi% {47 # M 42 5% 50 13
DG EAR . B B 31 A5 4L R, B S
420nm~ 720 nm. CAVE %t ¥ & {#i /] Apogee Alta
U260 FHHLFN VariSpec Al i 35 I i 4% 70 5%, 0%
32 WRE G EIE g ER k31 A3 Al 2 3 A
Fl 400 nm~700 nm. KAIST % & £ {§i F§ PointGrey
Grasshopper 9. IMP JKJE AL VariSpec 7] i &
Peanas, S 30 MEOGIE EIR, R KR B 28 A4
T T ZH A s T Y Y Bl 400 nm~720 nm.

AN TSR T AL M BE 1 A 1 VP A o (R A I
I, (Peak Signal-to-Noise Ratio, PSNR) . 4% 4 #H {2 14
$&#5 (Structure Similarity Index Measure, SSIM) 1]
G 1E £ i & (Spectral Angle Mapper, SAM )2
e I B PE F8 5 N2 A R WL AL A

PSNR $fi i KGR A 5 KAR R (AT 5L A 22 (8]

'f%feR”XWXC*uf#i«ilzm/f%QERIIXWX("PSNR )VI‘
5 R (15) Ak (16) fw -

H w

_ 1 2 _ 2
MSE( — H‘A/'h:1 — [«F/I.w-,f Qh.w-,('] (15>

1 < max*(F .
PSNR= 3310+ log (= ez==) 16

Hr ,MSE KR BIMG S ¢ 418 M3 ik 2,
max(F )RR EUR S ¢ 483838 W i KRR EAE .
“ VR TR AN KT BB G A N 4 R AT B FE TR R
X I — A S B R e KR R AT IR e 7
XL B bR i KRB R A 1. 0. RN & X5 S8
HEREVEM AR HEAR G —.

SSIM M AEJE XF EE BE 0 &5 #4 M 5 = 4> J7 1 Al
I G Z R AR R RE L A5 B TR IR RN LR b 5 Sk
AT I B AR g i e S AR R R
bR v 22 47 2 0 BE RN X Eb RE i A P A5 26 B 1) A
BB R A5 R 22 55 SSIM Ji e, % 114 400 it 20 S ik
I AR IR = (D R

€/ 2E(F._DE(Q._)+r
SSIM=2, (E2(f,_,[>+E2<Q,.,,L.>+m )
2c00(F _..»Q )T )
D(F._)+D(Q . )+
Hdr ,ECO T DCe) 43 5 7R BIE pR FOFN 7 22 pR AR
cov( VTR B ZHRELF . QAR
EUE FR QIS ¢ deimiE. X IH— b fa i EE . o 1)
BIMEN 10 EAE D 9 X 10 J &y
ZIB B A 2L B OW? HD , 35 493 %
U538 F /N RS 8 3 2 TR R AR S
SSIM, LA B AE Sy 56 38 G i it A g5 8.

SAM it 9 g Pl 45 Hp X AR R A 22 (8] 1) O
AEARLRE . FLAAR Ml Ut B AT B PR R S i1 B 4 )
PUE — 1) o, IF 0 F 5 ) a2 A DAL IPAS = A R
6% O L. SAM /N, 3678 T A 15 3 1 6 i 15
SRR LT =X (A8 TR

1 Ko . f/zT,w,,‘Ih.u‘.,
SAM= g 23 e ([ o
Hop | o 2R m R 2 TG frw B e 3 B1EE
ARG F. QB R AL E (hw) IS S,
HUmBEEAS5E5H.
6.2 EREXNEESH
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#= 1 ICVL ##E&£ %0 Harvard 3B E PN EWREXTEL
ICVL %t & Harvard ${4f 4
1y Lk TR s K5 e IR 3 1 2= ) R
Fh LS HRE# AR MEEZERT PSNR SSIM SAM  PSNR SSIM  SAM
o SCHik[100] 256X 256 25. 44 0.91 0.05 26.23 0. 89 0.11
2007 TV 1k TwISTL30] " ' B B
SCHEk[77,98-99] 512X512 26.16  0.94 0.05 27.16  0.92 0.12
2008 Ry GPSR™! SCHRL77,98-99] 512X512 24.56  0.91 0. 09 24.96  0.91 0. 20
2011 TV itk ADMM!121] k[ 77] 512X 512 26.47  0.94 0.05 27.35  0.92 0.13
2016 Wik AMPL4] CHk[77.98] 512X 512 26.77  0.95 0.05 26. 67 0. 94 0.16
N SCHk[100] 256X 256 29.79  0.94 0.03 30.50  0.93 0.08
SEp & -
2016 j&iiﬂt LRMALSS SCHRL98-99] 512X 512 29.16  0.96 0.05 29.68  0.95 0.10
) CHkL80] 512X512 29.98 0. 97 0.03 30. 11 0. 96 0. 09
SCHk[100] 256X 256 28.45  0.93 0. 04 27.60  0.90 0.11
2017 4 ) 4% HSCNN/22] SCRk[77,98-99] 512X512 29.48  0.97 0. 04 28.55  0.94 0.12
SCHkL75] 256 X 256 36.64* 0.96 0.08 35.09%  0.94 0.09
23 . - [ 100 256 X 256 27.47  0.91 0.05 28.64  0.90 0.11
2017 jEE%‘? ¢ 3DNSRE56 . kL 100] ’ ’ ]
i itk SCHkL77,98-99] 512X 512 27.95  0.96 0.05 28.51  0.94 0.13
SCHk[100] 256X 256 28.07  0.92 0. 04 29.21  0.91 0.09
2017 4 W 2% Autoencoder-118] ‘\ ~
SCHR[98-99] 512X512 30. 44  0.97 0. 04 30.30  0.95 0.10
‘ SCHk[100] 256X 256 30. 50 0. 95 0. 04 29. 87 0.91 0.11
2018 TR JRE T ISTA-Net! %) e -
SCHk[98-99] 512X512 31.73  0.98 0. 04 31.13  0.97 0.11
2019 fRERAE 1L DLTRE68! SCHk[100] 256X 256 30.40  0.94 0.03 31.14  0.93 0.08
_ k100 256X 256 29.01  0.95 0.05 29.37  0.91 0.13
2019 4% A-Net[] CiRL100] o 0 ’
SCHRL80] 512X512 28. 85 0. 97 0. 06 29. 28 0. 95 0.21
2010 N——— — T 512X512 34.13  0.99 0.03 32.84  0.98 0. 09
2 R 1SS ¢
- CHk[75] 256 X 256 39.67%  0.98 0.05 37.62* 0.96 0.13
- J5 3 512512 32.36  0.99 0. 04 30. 34 0.96 0.12
2019 4 W 4% HyperReconNet-77] o
SCHRL75] 256X 256 38.43*  0.97 0. 06 36.04* 0.94 0.17
) JESC 512X 512 34.27  0.99 0.03 32.71  0.98 0.09
2020 TR SR T DNUL] ) B
CHk[80] 512X512 33.78  0.99 0.03 32.55  0.98 0.09
2021 R BRI TLPLNL100] JE 3 256 X 256 34.53  0.98 0.03 32.43 0. 94 0. 09
2021 4 ) 4% DEILL0] 5 512X512 36.57  0.99 0.02 34.05 0.98 0.09
2021 4 ) 2% DRANT 8L 3 256X 256 38.90% 0.98 0. 06 35.69% 0.95 0.09

T RR T PSNR ] 89 fe RARFR AR 1. 0 1 A 58 P B RARH AL

2 KAISTHEE FHWEMREFITEREITLL

H50 TR0 il FLR A J4
4y N7 3| B4 Bk B ok U
F s Ha¥ Bk PSNR SSIM ZHE (M) FLOPs(GMac)

. XHkL89,105] 23.12 0.67

2007 TV 4k TwlSTLH0) ' >1000
[85] 22.44 0. 70

2015 4 ) 2% U-Netb84] SCHk[85] 26. 80 0. 80 31. 32 58. 99
o CHk[89,105] 24. 36 0.70

2016 TV flfk GAP-TVL3!) N ’ =1000
SCHik[85.97] 23.73 0.68
SCHk[89,105 28.53 0. 84

2019 CES A-Net83] ) - ] 58. 25 44. 59
XHKL85,97] 29. 25 0. 89
;. XHk[89,105] 25. 27 0.72

2019 Bk DeSCI N =1000
SCHik[85.97] 25. 86 0.79
. SCHk[89,105] 30. 35 0.85

2019 TR L JRe T DSSPLos 0. 30 20. 14
< SCHk[85.97] 28.93 0. 83

2020 R EE T DNUM! CHk[89,105] 30. 74 0. 86 4. 47 293. 90
- I59'e 30. 15 0. 89

2020 4 5 2% TSA-Net[s5] 44,25 135.12
[89][105] 31. 46 0. 89
o JSC 32.13 0.92

2020 VR R IT GAP-Net[102] 4.27 84.08
R R ¢ r82] 32.47 0.93

2021 VR BE R TT DGSML105] JF 32.63 0.92 3.76 647. 8

2021 4 B PnP-DIP-HSI 0] 3 31. 30 0. 90 33.85 =>3000

2021 R L J I HerosNet 7] J§SC 34. 45 0.97 11.75 447.18
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o Faxd RmEwH HEFRR PSNR SSIM 4l (MD FLOPs(GMac)
2021 B4 B H PnP-HSIH09) k[ 110] 25. 67 0.70 1. 96 =>3000
2022 4= [ 4% CAE-SRNE82) JE 33. 26 0.93 1.25 83. 06
2022 NLES HDNetls8] J§LSC 34.97 0. 94 2.37 154. 76
2022 4 [0 2% MSTLE9] JF S 35.18 0. 95 2. 46 31. 40
2022 VR B R T GAP-CCoTL103] JE 35. 26 0.95 8. 04 95. 60
2022 ENCE CSTY J5 S 36.12 0. 96 3.00 40. 10
2022 S S?-Transformer-?3] J5 S 36. 48 0. 96 1. 80 27.21
2022 4 W 2% BIRNATLo4) J§ ST 36. 14 0. 97 4. 40 2122. 66
2022 R R IT DAUHST!01) JEL3C 38. 36 0.97 6.15 79. 50
2023 R JR T RDFNet 23] J5LSC 33.34 0. 96 1.29 604. 88

1IN TR UL G B A AR T 1 A BT 0 L.
TE S50 ok 7 o, G A AR BE AL AR B FLT S p=10.5
R[S 17 e T S 7 117 o V13 S o SO
Forp UN SR A T T b 2 I 25 455 10 1) 2 500 7, Dl 4R
T PP R TR RE. 1% 4 S8 3 0 A ICVL $ds 46
M Harvard (4% E 4T, 36 2 R T B 3L 4w b 4
B 1 A o AT B ASCR AT H. AR SE g i AR L G

CAVE fls 4 IR iy, Jf 7 KAIST %dfs £k
eI 10 A3 5t PRI
TE A ] 52 56 BB T 2% SCHRAC 2 09 52 38 25 1 A
SRR SRR T T % B 27 >0 HAT BE AL FAS AT 52
I DA R R A o3 B P A AT RE X 5 36 24 2R i
RN BE XTI IR AT, 2 1 FIER 2 R T ARy RA Y
Z SRR AR IF AR R R LA 1B 10 11

AR SR I Meng &5 NS 71 5% 14 0 52 4 #5645 . 16

TwlIST GAP-TV DeSCI A-Net DSSP

Xt EE T A SR A B S S I R ) E A

TSA-Net DGSM

GAP-Net MST

DAUHST

JF 4 IR

476.5 nm

"

536.5 nm

HH

584.5 nm

648.0 nm

B10 05 9250 0 1k 4 SR ) e e

TwIST  GAP-TV ~ DeSCI A-Net DSSP TSA-Net DGSM GAP-Net MST DAUHST

RGBE%

476.5 nm

492.5 nm

CASSTRLIM 4

584.5 nm

614.5 nm
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R 2 R BT 2 B0 7R M 48 IO 4% 5 0 0 5 1Y
SR BL FLOPs 7 58 B HE B 7 oy 7 A 9 7 A
B EE. P M2 FLOPs T &% T
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RIS T VA R HE B2 1% B b B0l Sl Y 3% 4R
UBOHME LIS 5. DR AR SCAS ORS B PE AN 5 %o 25 T R
Jo& FHE B2 1) R R 550 15 o AR SCSR TR D S — B0 B B
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A IR L o 9 4%

7 BESRE

Fl 2007 4 CASSI £ ity DAk . |6 A Sh 27 & 51 4
FCHR ML P T ik 2 0t T L AR SR
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Background

Spectral images can provide both spatial and spectral
information about objects, making them highly valuable in
various fields such as remote sensing and medical diagnosis.
The conventional technology of spectral imaging relies on
scanning, which leads to low time resolution. This limitation
poses a significant challenge, rendering conventional spectral
imaging unsuitable for capturing dynamic scene shooting.

Coded aperture snapshot spectral imaging (CASSI) is a
cutting-edge technology that derives complete spectral images
from a single exposure and reconstruction algorithms. The
ability utilized in a dynamic scene is the primary advantage of
CASSI. Early research on CASSI focused on physical system
design, including coded aperture design and dual-camera
design. In recent years, the physical system of CASSI has
become generally fixed. The reconstruction algorithms of CASSI
have become the bottleneck of imaging quality. Researchers
have developed several algorithm frameworks for CASSI,
but a related survey has yet to be published. Conducting a
comprehensive survey of existing works in the field is essential,
as it provides a valuable reference for other scholars and
serves as a guiding tool for researchers interested in exploring
this particular domain. With this objective, we have collected
and classified the existing works of CASSIL. Furthermore,
we briefly evaluate these works, offering an overview of the

advancements and contributions in this area.
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interests include computational photography, visual information
acquisition and reconstruction.
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include image and video processing.

In this paper, we review and evaluate the reconstruction
algorithms of CASSI. Specifically, we first introduce the
physical system and forward model of CASSI. The physical
system has become fixed. We describe the hardware structure
and provide a set of design parameters. The system is modeled
as a typical linear imaging system. Afterward, we list the
characteristics and challenges of CASSI reconstruction. Unlike
natural image restoration, CASSI reconstruction must consider
the forward model fully. Then, we classify and summarize the
existing reconstruction algorithms, including model-based and
learning-based reconstruction algorithms. The main difference
between model and learning is how the prior representation
model is modeled. The former uses manually designed prior
representation models such as smoothing, sparsity, and low
rank, while the latter models prior knowledge in a data-driven
manner. After that, we introduce commonly utilized datasets
and evaluation indicators. Meanwhile, we summarize the source
codes and analyze mainstream algorithms’ reconstruction
quality and computational efficiency. By comparison, each
method’s computational power requirements and time con-
sumption can be estimated. Finally, we discuss the weakness
of existing works and the trend of future research.
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