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Abstract: A hyperspectral image (HSI) contains rich spatial-spectral information. It exhibits high discriminative capabil-
ity and wide applications, such as in remote sensing, geologic examination, and medical diagnosis. Traditional spectral
imaging technologies include whisk broom, push broom, and staring imaging. They suffer from large volume of equipment,

long period of collection, and limited spatiotemporal resolution, hindering their usage in dynamic scenes and motional plat-
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forms. Compressive spectral imaging has recently garnered research interests. Coded aperture snapshot spectral imaging
(CASSI) can take the compressed measurement of a 3D HSI within a single exposure, and its high efficiency makes it a hot-
spot in computational imaging. One key technology in CASSI is HSI reconstruction, which aims to restore the latent HSI
with high quality from the compressed measurement. In the last decades, several HSI reconstruction algorithms have been
proposed. In this overview, we comprehensively review recent advancements in spectral imaging and reconstruction meth-
ods. First, we analyze the physical process of compressive spectral imaging and formulate a spatial-spectral degradation
model. Then, we model CASSI reconstruction as an ill-posed reverse problem that requires priors for regularization to
reduce the solution space. Taking the prior as a view angle, we divide the current HSI reconstruction technologies into four
categories: 1) model-driven methods based on handcrafted priors, 2) data-driven methods based on deep learning net-
works, 3) model-data joint driven methods based on deep priors, and 4) the recently proposed generative diffusion prior.
Through such a structured analysis, this overview aims to offer valuable insights into the core idea, design paradigm, and
evolution of different methods; highlight persistent challenges; and provide an outlook for future development trends.
Model-driven methods rely on handcrafted priors, and various priors, such as total variation and sparsity, have been pro-
posed as regularization in the HSI reconstruction problem. They are mathematically interpretable and can be generalized to
different imaging systems as long as the degradation model is accurate. However, handcrafted priors may be simplistic and
may fail to capture fully the complex spatial-spectral characteristic of HSI. The iterative optimization process of the HSI
reconstruction model is computationally expensive for real-time applications. Tuning the hyper-parameter in the HSI recon-
struction model is also difficult. Data-driven methods uses deep learning networks to learn mapping between measurements
and HSIs. Different networks (e. g., convolutional networks and Transformers) have been designed to utilize spatial-
spectral features for HSI reconstruction. In general, high-fidelity HSI can be inferred efficiently after learning complex
data-driven features. However, such networks are black boxes with limited interpretability. Moreover, deep learning net-
works may fail catastrophically when spatial-spectral degradation is unknown or even unseen during inference. Model-data
joint driven methods combine the strengths of model-driven and data-driven methods. It originates from the traditional HSI
reconstruction model but replaces the handcrafted prior with an implicit deep prior. Classic optimization algorithms are
used to minimize the HSI reconstruction model. The iterative solutions are unrolled into a deep network. Each iterative
solution becomes an unfolding stage in the network. The handcrafted prior is replaced with a learnable denoiser as the deep
proximal operator. The unrolled network is trained in an end-to-end manner. The network is designed under the guidance
of imaging physics; hence, it has higher interpretability and robustness in varying degradation cases compared with data-
driven methods. By learning the deep prior, it exhibits higher quality than handcrafted priors. However, these networks
can be regarded as discriminative models learned by regression losses. They tend to produce deterministic results that are
actually the “averaged” distributions of potential ground truth, leading to blurry output and hindering the reconstruction of
fine-grained and detailed image structures. The diffusion model can generate diverse and highly realistic contents, leverag-
ing that the generative diffusion prior may address the limitation and has demonstrated potential in HSI reconstruction. Fur-
thermore, we select 12 mainstream HSI reconstruction methods in the overview and compare their performance on widely
used datasets. Finally, we discuss the shortcomings of existing work and propose future work trends on the basis of the
experimental results. Problem points include those that represent complex spatial-spectral features, limited generative
capability and content distortion, and the disjointed relationship among compressive imaging, HSI reconstruction,
and downstream tasks. The objective of this review is to provide a comprehensive introduction of spectral imaging and
reconstruction, and present valuable insights for future advancement. The experimental code and data can be found
at: https://doi.org/10.57760/sciencedb.j00240.00063 and https:/github.com/DDXNJUST/Computational-Imaging.
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0o MR 28 AL, AR SR A Ty v G 4 i ) o 4 PR 22
I 26 F1 Transformer (4%, T T 5351 )i
3.1 mBinERMERNENLITER

TEURIE 5 2] b B R 28 N 48 02— Fh R AR & L
L5 A TR P X 2 A 308 3 7 5 s TR St A T A AR

(16)

f g
W .
i”' ) 1 v,
b v e “
(a) 5k & Tucker /)i
4
e
i”‘ G» G? G™
! (b) K EI iR
f
Wy
i”' G» GO Gn-» G»
i () sk B it
9
9 _ o
i
7 -1 -1
() IFE AT

K2 ARk AR
Fig. 2 The illustrations of different tensor decomposition
models ((a) tensor Tucker decomposition; (b) tensor ring

decomposition; (c) tensor train decomposition ;

(d) tensor CP decomposition )

. NN
JEZE & M

HOCIE G
K3 Hdla sk sl s s 2

Fig.3 Schematic diagram of data-driven HSI reconstruction

TR, R UM 2R BHRFFE . Dong 58 A (2016)
KRB R 2 2% FH T MG o e, %
BT ARG E# ST ST . b, #E 1]
FEH ARG 2 Mg, 1T &g G E .
Gedalin 25 A\ (2019) F1| ] 3D AL BE T U-Net (25 , 15
i 2s —iG IR BEARAE . Miao % A (2019) 7 % fH ph 22
W28, 2 2] S FUE R ) RS G b eE ) F
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PG R . Hu 55 A (2022) #F— 252 2] 23 [H] 1
TR R T I B A % |, 44 8 P £ %) B
B As — AR Y SR AR AR ) R e A4 Y Y
KU, Fu 55 N (2022) Bt B BT 2 M2,
T PAN + CASSI il 5 HE & . Cheng % A (2023 ) F ]
A RV 28 090 238 B 1t 0L ] 356 UH I 4%, 455 T 3 0 XS
P2 et g Bl d mOCIE EUR . Y R
5, Xu 25 A (2024b ) 75 5 B 28 [ 25 vh 45 5 (8 1L
LGSR/ 7B e e [T B W S ok A [ R
JRI Rk . O TSP  Cai 55 A (2023) $21H
AT AL T S 800, fm 1 OG5 &

7 i 3] i P 285 T, AT LA B 2 ) AR 4 ) 4 3]
Yy SR 2 50 0 WS, R 3D A BBl 28 ) 4% 27 ]
25 —PEUR BRI, T LS LR 4 iR i S s
2 (Yu%$,2019;Zhang 55 ,2021a) . S [ BHB ML
O 265 2 AL RE DO 7 B SIS PR, 1 BRI L T AR AL K
S E AT E . (H B b2 0 2% (1) J8R A7 B 2 Ja
8, X LA 27 2 e T B FRAROSE G 2%, B 1 S
PERE.

3.2 %33 Transformer M & ) iEE 2

Transformer [ 2% 3£ T H 1 & 77 (self-attention )
B, HoAz.O AR i 4y R AR 7 41 hoe R
(] FR AR OC R | O MO 4 AR B PR 25, Bl
SRESSEN=WILIN PR FRI R W€/ RS e 1]
FRRH S A, DT RS I AR 1 O 2R e A A . Trans-
former fiz W] 7E [ SR 15 7 Ak B RS 28 0%, B 5 1 H
ZEiHEW . ViT(vision Transformer )5 F {4 43 |
R EUGHIT S ik UGS ] A B, TERA 1 7E
53 28 5 L AT 55 P 1998 1 (Dosovitskiy 45, 2021) .
WA, 225 BE Transformer W25 AR EL , T H Az
o3 A2 ORI A SR AE 55 (Khan 55, 2022;
Han%,2023) .

Transformer HA7 4= J5) 37 T, 6 1% A i g
478 5 W PR v A R RO G R RN R S S,
A B THEEEDCIEEIR . F1U0, Meng 55 A (2020) F
JH Transformer #4 i, U-Net , 73 5 7E 25 [ 4E RO G 27
ARy, E S G KR . Y Trans-
former i 1] PA4E A A RN 2% |, 27 2] 23 [8] Jap i A OGPk o
= G AR E T, T MG T/ Trans-
former, A] LA7E Y 1% H  Hh OF H n i LA R 1S B,
o G 5 RS 1) 12 R (Cai 57, 2022a) o Yao

SN (2024) $2 11 25— B Transformer, 4545 %5 [1]
E=WANK i SE= WA 1 i aE S =W UliP it R 4t
J1o Li 8 N (2024) $2 5 9LHK 25 — 3% 58 X Trans-
former, Jf-i# 12 U-Net 224 7E 22 ]UEE 25 [A] il 5 25 — 1%
FRAE , 2P RGB + CASSI fill & # # . Wang % A
(2025 ) MR 5 g A LA , BT THAE AR 2 pR I, SR A bk
S B 4 R IE W15 3R ) T R LR, 42 ) Transformer
AT S, ml A 2 OGS A& S . 7E Trans-
former 45 & BEE S| T, 18 0T DARFEAIE 7, SE 3
EROEHET A B (Hu 58,2025h)

FERE R e, Jf B R e e AR AR
Fegtfe), Cai 58 A (2022b) 2 H #%5 i Transformer , 18 1
i o7~ DR S HNG i 2 A% 55 L B0 AH 54 1Y
23 (8] FE R T, FEBRAE A G454 , 42 & 1 Transformer
XPAACAS A ISR AERE ST . eIt , i TOGIEAR G,
15 i B A Y H Ron WAFFE M B, Xu 58 A (2025)
$& OB B Transformer, 1 27 >J AH ¢ I B 19 45
A B T M2k B B SR AR RE O R
HPERE

R T RS AR AR TR R, T RAAE R R
I SO6RE A R ) (Zhang 55 ,2024b) o i %43
I AR, Luo 45 A (2025) 7 2 XUET 111 4 22 RUBE Jay
TR, Xof PG 2 8] 0] 9 AN [) RUBE 3 o 78 Xk, 7E X
Sl R IR A ) R TG R A, 2R
M, Li 558 N (2026) 42 H AT 23 B3 OG3E Transformer, 76
Tk 2 X6 ke B A 43R H S DX, AR X P A X3k ]
AT, R REACIEEE, YinFA
(2025) 75 DX 3 Fl Jry BRLJEE | 2% ) 25— HiE R T,
I8/ T Transformer A 31552 224 . Liu 5 A (2025b)
UM e D' 3 R A s T 5 ), DA JBE Rt 5T 23 31
2] ARG HE FEE T BRI R

BRI, Transformer X 4% b 35 R p 28 ) 4% H
A TR 42 JRy 2 Y, BB A8 2 3T R Fl N2 R AR
WG, R mDOLIE R . (E A O Bl 3
AN FETE T, P AR ) 26 AT e 1 ), 5 38009
LRI SR , T 0 28 A B () AT i BEVEAR DN AN I
MELLFE S R DG IS R IR A8

4 MESREMEBKRSEINIEER

TR I Bk B (DI T E R RS 25 5 4 4t
LR Eh) 5 i AV R Bl TR = 2] O ik R A, 1
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Bz, BBR, IXF, HE
IR 5 A R IREN B E AL iR BUG EE R A LR

YRR IR I 27 > H EE PR B RN SRR A [ B 4 v X 4%
(AT iR, JF R R G5 A5G AR i B A s A
s AR AR I e 5 25 231, MR i B 5 AR A A
RUFNSCS0 TE N, B3 i @AY o G A oK i ot
T 3 R ) 2% Je T SIC B, AT 3k 6 1) 286 1) ] BpLAE
Bl fy) | 35 Wéﬁﬂ"]ﬂﬁﬁ*&‘@(Monga 4 2021 ; Yang
42022 ; Zhang %5 ,2023a) . A [ 48 S5 56 1E ),
— LU Ry F B A TR S A I e ) R
Se AR AR A , o AL A
4.1 BEEFINREXR
TR EMZ S 56 (deep image prior) 7] LIAE A 3%

HAREN] 2 e g R — R B B, SRR — &
&34 AT UL BERL A 46 Ak i TR B I 28 3 AL s, gl
AU, LUYRTRBO B—FE A, B BRI AT R
W 2%, #RREE DA BE AL P A 12 B4 (Lempitsky 55
2018) . VREEEIMG s i AR S50, B IR
P28 (R 28 R S RE AR B SEBR s — R AR 4 1 R S
e . Meng 8 A (2021) 42 H MBI e 56 1F
T B, 7E 2 (6) GG d A g | AR E
P& e, )

£0 = arg n:}gn "y - Py "f_ +uf(x)st.a=T,(e)(17)

X, % = T,(e) Fm B HE R TR EE ek, A @

TG MR RE S th S 0N 0 1IN 45 T () NBHHLIGE 7 €
A e AT E A FIE A

i,0= argrg}n"y - &x Hi tpla =T, ()| +

wl(x) + M|y - @7,(e) | (18)

PSR TT LSRR, I 5 | AKH B B o, K o3
RN TR 55k + 12840

6" = argmin p|la* = T,(e) |} + Ay - @7, () |
(19)

Ak

= agmin]y - e} +pllx - T+

n”x—vk”i (20)

Ak o+ 1

v =argmﬂin,u](v)+n||xk—v||i (21)

G- [ 2 7E T B RS e i e =CE ) R, A
2T PRTAR R AS I R 5 10 2 (75 19X 24 i 3
Gk B O HAR AW S 8 T 40 00 . x-F [R] R
BA M o o- [ LASE 5K T (+) 1 ] ) 2 g2
7w, A LAAR 405 B4 B (plug and play) AR, FH I
R LSRR (21) o AR BRI, ATk

S 2 d A mDOGIE R

e H B IR SR IAE SR T, ol LLZS A AR5,
BCA IENDEIEdE . U0, Chen % A (2024b) 7E 28
PESIE TR GBI R DGR Bt , 7 W 2 ) iR
JEAem ok A, Sunon s & H A EIA .
ZELL i, B WK e B0 A T DL S TIN R Y R M2
J6 05 A W) E B, 52 Y 3 A (Chen &%,
2024a) . % JEE|EGIE EMRTE K R Tucker KRR
T RS, BB R EE SR8 T DL Tucker IR ZY
WEEG WA IE WG 3% 5 42 7] 5 (Chen 45, 2025¢) o
Gelvez-Barrera & A (2024) WA & [ Wa B 5 B 45 06
I 25 18 fan A e B Tucker fRFRE: , DA H: Tucker fIXFk
JeE A A MBI R R s A, b,
Chen % A (2025b) 1Ay [ W B IR 5 51 36 190 246 1 iy A
€ INf AT R B, LA I 416 560 R B 2 56 10K A5 1 D)
S F A, I FH A d b A5 PR i i ) ) 6% 2 ) TR B
JEu, LB O B

TR RHR e 5 DL A W 7 2% ), nl g
HL A . Mei 55 A (2024) 76 [ W BHR B e 56 1 1E
MR, it o ) 2 [a) ity o0 265 DG 1 SR 2K W 4%,
LG ER IEE A B = R AR A B
TR HUA XU o Liu %5 A (2026a) 452 H 5L 1E I A4 X0
FESCHs, A W S WA M 45 A i i R, Ik
THEMRL 50, WD A . Dai 5 A (2026) W 7E
R R pR B R g | AL AR Je 3D X i A%
M A 4L

AH HE TR IR Bl i, BT B B R AR T Y
T F O T AN IR, (RS F 4 i i B ] 5
R ER . (AR, S RIE R IBRAR, F [ B e
> E AR S T S R, T B T R A A R
BEAh , AR T BTN 2, S B RERT
4.2 BUREBEIWREXR

UREE St ] Ui 2 2% MR e 2 2]
BRI 4 s o KT B AR AL Ak
T AR R A VR R N 4%, AR Sk DI A A it 38 i 14 A7
WeB 2 S R BE S AR A HAT S A i i E PR
B2 (6) LA W B TR B S BV SRy 1B DU (), %8
TR R TR B SE 56 1 W e s R R kg
SRR AR, IE 5L A B A2 5 v 43 85 5500 200 A I )
T, 45 2]

x = arg min uy - Py ui +uf(v)stx=v (22)
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WX (22) 5 A TR A HIE K
i =argmin|y - @x [+ ni(0) + 1]z - 0](23)

S, R AT A i 3 ik A AL SR
2 (23) K H o figt o P A [t

x =argmxinHy—(Px”i+7]||x—vk”i (24)

k+ 1

— : k+1
v —alrgmln”r]"v—alc+
v

L rud() (25

-~ [ R 32 5 A TOURE G, AT AR I i A
M 4 I y AU BAR AR RS @, FLPAT

= (DD + gl (Dy + ) (26)

HI TR @ + ml ROT IR, RE P00k LA B R

fifg, 2 (26) L AT FIAR BE R RRIE AT ISR A% , kA

2 =a - [ @ (DA - y) + n(af - 0")] (27)

A, e B E T -1 R 32 5 S I

K, TR e BT B SRk, Al LA IZ5E

0 2 19 2% KA vh 2 o] 1Y, TR B S 96 48 3L B 1

(proximal operator) (SN

’I}k+] - prox(x“ l)

(28)

TR BE S 56 00 I 53— FH 2 MR 25 S B0, 3 3 o 1) i
i 2, 27 REAEA IS, NS R "t i S
CTCMEFE Y JEARESE 2R TS OGS BR Y
B kA5 BT TR MR Y AR B e g
SBITF T, Wang 55 A (2019a) i i FA 2 N 2% 5
Y (SR ST R NS 82/ 7 s = N {4 8~ 2 i I 7o

5 k IERETE
x- P, B

JE AT TG
-»i/ig-» WE: > = .

', v!

v- I, SE5RI

AR SR AR , ST A TR M AE R 4RI 5T,
T E A HE (Wang 4 ,2020) . Zhang %5 A (2021b)
G55 IRAR LY PR IA S SBT3 ¥R 5K 8 7] 43 fifk Ay [n]
WA EAL D T MRS BORE . Ying 55 A (2024) 5]
AR Jay ERFNAR AR P AN T DU 0T, B 1465 BEUpi 28 0 465 11
BB 9 265 o3 AR O AR I 3 1, I TOb ik s .
Wang 2 N (2024) %1138 X Transformer 1E 7 4B it B
T A2 DTS AN A R A AH DG, JH T CASSI +
PAN Fil & B . JSfUUH , Dong % A (2025) 42 H1 58 X
e 3i Transformer 1E A48T 5B+, 528 CASSI + PAN
Al Liu 5 A (2025a) WPRE G BE SR 5800 J () i
O 2 ] S B AUOE S S5, o3 et s (el & 1 FD
T % 119 Transformer {4 4B U5 7, 8 4 Gk A
B QT DLRRIRBESC IR J () Sl 1S S 70 S B
RRJE S S0, 0 A 1T Transformer 2B VT 5, 7EAIK
DERET HE A mOEIE FIR (Lin 45, 2026b)

FH LT Transformer B2 A4 | ) Mamba "¢ IR
23 ) 7 (state space model , SSM) H A7 55 R4 A
AET, G KFE K . Mamba #20 BUAHE WA
[ 77 o) =14 P45, 388 AT H SRR AR e 91 RO AR OGP . e
TREAS LALAE I 2% EAH A AR R , Mamba 81401
Bl MO S B A8 I 5 . B A0, Dong 55 A
(2024a) ¥4 & 2 ] Mamba {E AR E T, 15 4 I
AT A TEALE A ERAT A TE B
T A R AR K AR R o Zhang %5 N (2024¢)

mrisik o
»-om B = :
i

(a) EEM%

_______________________________

Transformer 4244 -
BT ET fistiasans, i

Shlihis

Transformer |

ik x N | o[rmEEnEE

_______________________________

______

______

_____________________________

_____________________________

_____________________________

& (X V.M.

il Je RAE

_____________________________

(0) RRSKES T
P4 B VR S B ] TR A

Fig. 4 Supervised deep prior learning for HSI reconstruction( (a) reconstruction architecture; (b) different proximal operators )
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Bz, BBR, IXF, HE
IR 5 A R IREN B E AL iR BUG EE R A LR

#£ Mamba B3 5 ifF 47 RRAE B HE , 175 54 R AE
A E 2 —iE A T T 4T 1 R AR A
Tian 55 A (2024) 42 1 Ja) 5 F1IE J5) 7% Mamba 48 11 5
+ S 4 R AR R T 1 DL OGS 4
JRFR T SR AR G B R ORI EMR . TR LI
I, Meng %5 A (2025b ) 5 Bl e B 28 48k | 8 ¢ i 1 4k
AT AT PR AR OC R o Qin
4 N (2025) PKE: Mamba #1 Transformer 2H & FH 541
A, Forh Mamba 7ERFAE 5K 1 19 3 N 4EFE L ¥ 4]
R o BR T RRAE 5K 5 9 3 AN 4E B, Feng 5 A
(2026 ) £ — 2 RE Rk 240 73 A [ RUE, 47138 AN ] ]
FERIAOCHE . BEAb, 8 1T LA THES S Mamba £
LRI IR, S im G A € R R R A AE DG, T
CASSI + PAN il & 5 7 (Meng 55, 2025a)

BR T2 R 20 T 2, Ma 5 A (2019) FI 28
7 1) e Tk AU Ak oK S A% Y B2 R A AR O
TR EE W 4% e T, ol A PR R, I (A A Al
ATV TR AR (22) |, IR IR HORRE 28 B A TR M
25 TN VR FE Transformer 1E &P U053 7, H 2 S OL I
K 1% (Zhang %5 , 2022; Hu %5, 2024) . Meng 55 A
(2023) K )™ LA B2 LA (22) , BL A g5
B B 2= B AR M4 S5 AN [ 25 R A 4RI 05+, SE
AR L AG R BT A A4 i) i A

FESE PR UG, A T SE RO GAE IR S A 152 25 il
Mg 7 A5 G B S PR AR AR A B PHRALR AR AR [i] fr 3o
W, 3 4 e TR B R I ) 4% v 2 2 iR Ak SE 5
140, Cai 45 A (2022a) 4 H 3R A0 80 14 1 2 e IF 1)
2 TR A S W 2%, D48 T £ 0 4 B 4 A v
fa e B A E B, I 3122 )R E Transformer /£ 4
LRI T Li%E A (2023) T4 E H b iR Al
TH2% 22 S BRRIBIE B, 51 R R IT W44 1Y
JEiEE A . Dong %5 A (2023) B HE AL A 3
2, 2¢ ] HA S AR A B Y 5% 25, TR IE IR 1k
R A5 s, IR TGS Transformer A28
(B SRR G I A R &R 33 5 TEUL ISRl b B R
J'& T I 4 1 T R 3 VA S5 R, AT DL s 2 ) 4% 2 8
(Dong %5 , 2024b) . Yang %% A (2023) F1 Xu Z¢ A
(2024a) £ HY IR AR RN TR E S 5 , 7R B R I X 25
I 22 ST IR AR DG B R S, TR &
BB A m GG R . I Ah , ] LUK OGS
) AT A R GG AR RN B 25 43 R RS Al
PR, 43 335 1T Transformer A3 FRAH 25 W 254 Ay

1o G T R N BR 22 O3 B 1Y 4K 3T 5 1 (Zhang 5%,
2024a) .

VAT, A TR E T I 2% = 22 &) i i
PR TR B Je 30, AH L TR R K 3 07 vk i T T 5E 5
HCERIARE T T A L T 50N B Bl i TR 2 )
Do 245, LA fif Rk R, PRI, TR R e T I 45 0 2 >
BUOGHE A A 0 0 ko HJ2, TR BE e i i B
AR 22 A [T R YN 2, 27 > B8 2 AR R A T
16344345 (Zhang %5, 2023b ; Moser %, 2025) , %5 %)
PR S TR OIS AR A ), 2554 BB AU TE
KGR as F AN A B B PE ., 7 T 9 HIGE S P
PR AR 3K B 1T AR R AR R
Y E T 0]

4.3 HERAY LR

P Y ELAT R S04 o ) FSE R R
REJT, WAL W 20 A ARE LAY G TR E
Ji | E A A S I A AR L ) (i 45, 2025b 5 Hu 5%
2025a) , & HEHUILGE HLER > BHIFTHT -

H AT AR D OIS B 6 45 25 e 47 HICHE A4 Y
(denoising diffusion probabilistic model, DDPM ) F1 3
T3 8 (score) WA B ALSE . DDPM A& S /R AT Rk
S, 1 G R 1) SR R 2 0B D A v R
5 s Y ORI R (Ho %8, 2020)

q(x‘|x“’l )=N(x'; Mx"',ﬂsl) (29)
AP, B MR ALE N (+) Fon oAl o AR
SRR, X 2w LI
= Ja L+ /1-as (30)
X,a,=1-8,a =aa-a,e~N(0,1) & b5
T AR o YT HOE B 80 K BOHE v
O3 o 5 T HICR AR A 2 3 ) 22 MR A iR B s
J A6 73 A 2 s W o3 AT T AL o ) SR AE AT 2R
pg(x“_]|xx)=N(x“";,u9(x“,s),a'fl) (31)

s,
Me(x‘,s)=j(z(x*'— ll_&sé0<xns,y))<32>
. 1 -a,_,
o= e B (33)

& =8,(x,s, y) el HUBRL AR T R0 25, L)
Wik y g 25 A ST M P &, 1 SRR AR
FRAE 25 M P B AL (denoising diffusion implicit
model ) (Song %5 ,2022a) , J& [7] RAER] KR Ky
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(34)
AR ot UG TN 254 FOE 8, n] LSRR L iy
Oy A AERYBUER . YRR B R A
AE L 76 = G R 52 L 1 5 I EE A (Pang 45,
2024; Liu %5, 2024a; Yang %5 , 2026b) 25 A W 4% 45 I
RN Li %A (2025a) $2 H 725 [ 9 o i Y
$EJE Transformer, 15 11 22 JE IR HE MR 7 11 46 3K 25 6] 4
WA OE ZR | AT A D)3 3 9 RO TR A AR - i
FEARRL 25 [ s G AR AE , R DGR 38 7
T RIS EUR S R A E R . Chen 45 A (2025a)
P2 R T S HORE Y | 3 sk i ) g ) I 2 5 T R 2
Wit 2Tt TR E A 0R . Zeng 5 N (2025) 74 by
JCFZS (8], I BN G BB A i = B2 1 e 4343
i, PR A G RS . BRI AR I R R
A, Huang 55 A (2025 ) 3 33 L] 25 e 4 1 A A
AKX HEE A W B BORAE vk B L R A
MEIE GG AL A, DR T A5 401
PR TR A ) — R S AN I
BRIV A JEARL (Zhu 25,2023 ), 857 47 HISS 56 16 000 A0
T AR AR B X (6) HR A IE U I g () h PTG
5, ) A Ak B X6k 9 1) v~ 1) R 2K (25) AT R A
BB AR BT o T o-FEE LM R, e
HOR AL 20 | R, Pan %5 A (2024) FH TN 259
FRORSE T B AL SRR SR A o-F ML, I HRE Ik K DU e
B, WA RGB UG S 2y B AL A i i 't
TEEMG . Wu %5 A (2024) W 7E =5 061 B /Y Ik 4+
23 W) 2 2 P WO I P WA R IE VAR EE S
AT E T, R TH R R IT M 45 (et s e aE . 2
Bl , Yang 55 A (2026a) €57 4 B Se 4 5 TR B2 SG 5
BB T DU 4 0l i T AR A | DA b IO AR R
PHLSERS , FH Mamba W 28 2R IR S50 , =t
A
SVRTE P B R B S A e L H A0 R
(UG, e B 5 i ()8 e U — e iR
R 45 6 1% R 5 A 1) S B R L, ARl 7R A
J S A UGB RL F2 88 2 — IS KRR OC &R, R

Dhttps://cave.cs.columbia.edu/repository/Multispectral
@https://vclab.kaist.ac.kr/siggraphasia2017p 1 /kaistdataset.html
Bhttps://icvl.cs.bgu.ac.il/hyperspectral/

PRSI ) BEAILE , 5280 2 — 3% N 2 A s PR LA
WIRMEAFRABIETE o LA, 6T A i T s K dh
AN/ €2 59541 11 o T B 1 D [ B A €2 L
S SEBL R A L, A R AR AT

5 NEEZMERETEM

AR SCAAN R IR G 1 o A 7 ik rh R IR 73 L
N A A S 7 2 1 8 Vet 8
5.1 HERSMIFEMIER

DL 52 36 R 3 A4 i Ot 3 24l 4 CAVE
(Columbia imaging and vision laboratory ) %% I 4 V1
32 512 x 512 8 K 1 3 5§ (Park 55, 2007) ;
KAIST (Korea Advanced Institute of Science & Tech-
nology ) B4 4R 41 3% 3012704 x 337613 K 4 5t
(Choi %% , 2017) ; ICVL (interdisciplinary computa-
tional vision laboratory) BdE 2940 F 201 1392 x
1300 1% % (¥ 3% 5% (Arad I Ben-Shahar, 2016) . 3>
B A 1Y G T e B O 31, 3 A D T A (R i Be
o> 2 281, P KL DR 450~650 nm, SEERAE
CAVE Hdi 4 FIlZR, A KAIST FICVL A4 45 25 #k
105 T Can i 5) o YIZRAn i R 1)
TR 256 x 256 x 28, fliJH 256 x 256 8 R AHE
ST I 5 0 I XK A0 2 B 1 o D6 1S B 6 2P A d 1K
A2, R CASSTAS I -

S B S 6 CASSTHAR (Y 5 A BSR4
I (Meng 55, 2020) , 41 &T 5 fr s o s 4 00 &
660 x 660 15 2% 1Y FL LRl , Yl AL (i 2 K 2.
PRIt , 1> 37 5 R il 2 9 ROST 2 660 x 71418 .
SR AR KAIST 48 48 B2, Jy 1 DB IC s 4 ) 5 1)
RN N KATST Eedla 5 BEHLER Y 660 x 660 18 3% Y
PR VAR g YN GRREAS , I (07 P 2 S5 4 ) JHL 2 A%
il .

R FH e DG 3 G Ak B b 08 L BT S AR (Yan
& 2025) « WEA{H {5 M b (peak signal to noise ratio,
PSNR) . 45 #4 #{) B (structural similarity index met-
ric, SSIM) . Y6 1% i (spectral angle mapper, SAM) 3%
7 MR 1% 2 (root mean square error, RMSE) | %5 1% 42 &)
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K5 AEEES
Fig 5 The testing scenes from different datasets ((a) KAIST;
(b) ICVL; (c) real life datasets)

1% 22 (erreur relative globale adimensionnelle de
synthese , ERGAS) Fll 45 ¥4 4 ¢ 48 24 (structural corre-
lation coefficient, SCC) , I FH S 4 & (Params ) FIVE i
iz B B (floating point operations , FLOPs) ¥ f; H:
RR

ASCHEHE T 1250 WG A X L, A
16 78 9K 3l J5 1 : GAP-TV (GAP total variation) *
(Yuan, 2016) . DeSCI (decompress snapshot compres-
sive imnaging ) ? ( Liu 5% , 2019 ) ; 540 9K 25 J5 %« A-
Net(Miao %5 ,2019)® MST( mask-guided spectral-wise
Transformer) ® (Cai 5% , 2022a) . SPECAT (spatial-

spectral cumulative-attention Transformer)® (Yao %5 ,

2024) ; 155 AL FE 45 B 5 5K 3 05 5 - DGSMP (deep

D https://github. com/mq0829/DL-CACTI/tree/master/PnP_algo-
rithm

@https://github.com/liuyang12/DeSCI
@https://github.com/caiyuanhao1998/MST
@https://github.com/caiyuanhao1998/MST
Ghttps://github.com/THU-luvision/SPECAT
©https://github.com/TaoHuang95/DGSMP

Gaussian scale mixture prior) © (Huang A5 2021) .
HerosNet (Zhang &5 02022)% DAUHST (degradation-
aware unfolding half-shuffle Transformer) ® (Cai %% ,
2022¢) .PADUT (pixel adaptive deep unfolding Trans-
former)® (Li Z¢,2023) . RDLUF (residual degradation
learning unfolding framework )™ (Dong % , 2023) | S2
(spatial-spectral) Transformer (S2Former)  (Wang
& 0 2025) Fl LADE-DUN (latent diffusion prior
enhanced deep unfolding network )2 (Wuss,2024) .
5.2 ERERSTHOM

DEUESR L. R MR 250 T AR Iy %
75 KAIST H1 ICVL B4 45 19 10 4~ 37 5t A 45
b, LA R HLA AR IR . B3R B 5512 GAP-TV
H DeSCI J7 ¥ 5 B AE 9 Rt I ] R AT 34X, (H AT 9K
JCVE R E R PG D PR AT B HARAS T T 5, (5.
S TS xE LR 2 i ) SO R 4 . %L
PEOKZN T5 1%, W A-Net 7 > R 23 Al KRR A G &%
MST EERSE 1 5 T A PROGIE A e . X 2807 T
Jr BR T B — B Dl 5l s AR 1 | %) 28— 45 4 2
ARG FES IF B R OC R TR R 4B R 7
TR 2 PR MR N 2R R BT . DGSMP
Fil HerosNet #H Lt T4 1 8K 5 J5 1k B B AF A 285 28
SPECAT J7 12 B 6 vl /D> H 1 09 2% 2 4 o FH0 &,
TR BT TT AR, (H e F A R 2 BB
AU RN R 5 9K Bl 7 WA TE W 2% vh 4 5 iRy 2E
IR BE 9 25 Y R LR AL RE ) 27 ) Se e  AH L T
BAm ks vk A& R ST, DAUHST Jridf
EUG o P, 3T UG B N R[] O H DG 2 | [l Bsf 47
RS BRI 42 Jey 1 25 (R OC 2R |, A 1 B4 ) 4
M e R B BO TR IT 8 KA . RDLUF R
FHBR 222 I L 2 2] iR Ak A2 | 38 2o 4 B 28 I 4%
Wi AT O 2% B L 2 2] 25 AL AR OGP , FFAEAS ) J I By B
LA ) SR NN SE I T AL A ROR . A
PR Y2, B T R e B G Ay s
LADE-DUN, {8733 5 N WU T RAF IS4 R

(Dhttps://github.com/jianzhangcs/HerosNet
®https://github.com/caiyuanhao1998/MST
Ohttps://github.com/MyuLi/PADUT
(0https://github.com/ShawnDong98/RDLUF_MixS2
@https://github.com/Jiamian-Wang/S2-transformer-HSI
@https://github.com/Zongliang-Wu/LADE-DUN
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Table 1 The PSNR/SSIM of HSI reconstruction on the 10 testing scenes on the KAIST dataset

Frik ek S1 $2 s3 sS4 S5 s6 s7 S8 9 s10 HfE
CAPATY PSNR/B  27.15 2600 2691 3540 24.65 2372 2469 2324 2549 2470 2620
SSIM 0767 0.691 0799 0910 0737 0.693 0717 0.663 0746 0.621  0.734

besCl PSNR/B  27.85 2630 2843 3809 2530 24.07 2543 2342 2652 2474 27.05
¢ SSIM 0794 0699 0.858 0949 0773 0750 0772 0735 0797 0663 0.779
et PSNR/AB 3255 31.66 3425 4101 3007 3074 3073 2956 3248 28.80 32.19
e SSIM 0895 0861 0934 0967 0.896 0900 0885 0889 0.896 0.845 0.897
- PSNR/B  33.85 3344 3394 3922 3071 3329 3216 3157 3174 3171 33.16
SSIM 0930 0926 0941 0969 0932 0941 0913 0937 0926 0939 0935

T PSNR/B  35.12 3427 3475 4077 3234 3451 33.69 32.61 3417 3228 3445
erosae SSIM 0936 0924 0923 0964 0933 0947 0923 0937 0927 0931 0934
\sT PSNR/B 3523 3571 36.66 4294 3241 3467 3343 3299 3512 3250 35.17
: SSIM 0944 0946 0956 0979 0948 0957 0927 0956 0.949 0947 0.951
SPECAT PSNR/AB 3436 3454 3473 4123 32.02 3401 3289 32.68 3421 31.85 3425
SSIM 0924 0916 0931 0959 0925 0942 0912 0936 0926 0926 0.930

DAULST PSNR/B  33.07 36.13 3696 37.95 4445 3418 36.02 3500 3403 3691 3647
SSIM 0947 0949 0952 0960 0.980 0959 0.965 0942 0.959 0957 0957

PADUT PSNR/B  35.63 3697 37.92 4328 33.63 3537 3455 33.11 3633 3287 3597
SSIM 0947 0956 0963 0980 0959 0964 0939 0960 0955 0949 0.957

RDLUF PSNR/B  35.83 37.36 38.74 44.40 3390 3578 35.15 3394 36.87 3323 3652
SSIM 0951 0959 0.967 0.984 0959 0.966 0946 0965 0958 0951  0.961

wop PSNR/B  33.08 3334 33.81 39.67 31.05 3336 3338 31.09 33.02 3135 3322
Perormer SSIM 0918 0911 0928 0953 0919 0928 0916 0908 0924 0915 0922
LADE-DUN PSNR/AB  32.84 32.07 3370 39.88 3023 31.58 3150 2879 3250 29.11 32.22
i SSIM 0909 0.890 0939 0972 0916 0927 0900 0.897 0920 0869 0914

E LR A B — SR [ AR B e LA 2R

T TR R AL E AT . ER3A
L4451 T SAM . ERGAS, SCC , Params #1 FLOPs 1§
FrAE iR E s A3 (E, -7 3RR GAP-TV Fl DeSCI
JC Params #1 FLOPS ¥8 45 . R 3 I 4 i8I 5£ 1
1 2 i PSNR A1 SSIM i /& — %, DAUHST £
RDLUF &5 J5 I US04y B 25 2

)AL S R e . [ 6 FIIK 7 R T KAIST
FICVLE 4 PO IS E AR . N EeiE
IR RE 4 B tb e . I ATHARZE SR A 9, 3 T
TR BE 2 2] 1) o e UGG O TR R B0 ik, dE
UG H23 225 G, n] LIRS B = & () S0 A
M % .

P 8 & HH S e 24 0 ) T R A AR . AR G
UK Zh 75 5 GAP-TV Fl DeSCIME LA 55 1 51 4 B 52 3%
Sto URBESA 2]y ik RV R B AL A A PR, A-

Net Fil HerosNet J7 15 & 5 B0 Y638 BE o JESF- 3,
DGSMP , SPECAT 45 J7 1k X LA A5 %50 245 40 45 44 o
i A N o o T 2 R N R S A
LADE-DUN fE % 5 8 H 578 B BR300 v 6%
FI4 .

N T B E A R A O TR ARSI A
Pl 6 TP 7 rvim TR A RAR G % R 2, S
522 BRGNS ih Gk H230T | o ek Ok B i
o A, S T BB A S B0 A O — B
JE (i FH G A OC 2R B AR o e BT, BT A G R
BB (BB K RO — B AR R L O R
G E A, HOGE % i & 5 5% B 4
UL JEREAOC REUE T R E R R AR RS
GG R EL R
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Table 2 The PSNR/SSIM of HSI reconstruction on the 10 testing scenes of ICVL dataset

Irik £z S1 S2 S3 S4 S5 S6 S7 S8 S9 S10 PiH
CAPATY PSNR/B  29.62 20.08 25.13 2454 2813 2220 2846 23.62 3128 2247 2555
SSIM  0.833 0726 0770 0.803 0758 0642 0843 0.670 0909 0.623 0.758

besCl PSNR/B  31.67 2075 2571 2624 2936 23.02 2981 2397 33.16 2283 26.65
¢ SSIM  0.892 0751 0.774 0854 0795 0719 0870 0.670 0946 0.625 0.790
et PSNR/B  33.63 2972 3342 30.61 3191 2890 3334 3024 32.06 2620 31.01
¢ SSIM  0.854 0913 0902 0891 0805 0830 0919 0846 0812 0773 0.854
- PSNR/B 3500 30.02 3404 2957 3381 28.87 3448 3128 3344 2804 31.86
SSIM  0.895 0929 0917 0890 0853 0845 0932 0870 0.859 0.829 0.882

HerosNet PSNR/IB  37.03 31.52 3553 3045 3509 28.87 3595 3284 33.56 2795 32.88
erose SSIM 0916 0921 0938 0876 0.865 0842 0938 0.889 0.869 0819 0.887
\sT PSNR/B  35.66 31.69 3507 33.01 3377 30.66 35.17 32.04 3325 2803 32.83
SSIM 0904 0933 0926 0908 0845 0864 0940 0.880 0.850 0.822  0.887

SPECAT PSNR/AB 3451 28.68 3324 2990 3298 2825 3349 3026 32.66 26.17 31.01
SSIM  0.889 0.875 0903 0.855 0841 0819 0922 0845 0847 0758  0.855

DAULST PSNR/AB 3955 34.07 3822 3712 3816 32.63 3893 3444 3739 3055 36.11
SSIM  0.948 0955 0950 0953 0928 0900 0965 0916 0.930 0880 0.933

PADUT PSNR/AB 3650 3471 3598 34.62 3459 3198 3635 3330 3402 2936 34.14
SSIM 0913 0930 0936 0928 0862 0876 0947 0900 0862 0863 0.905

RDLUF PSNR/AB  29.08 2120 3031 2469 2987 2654 31.01 2572 3040 2291 27.17
SSIM  0.831 0819 0873 0822 0778 078 0900 0760 0.810 0.673 0.805

wop PSNR/AB 3527 2554 3179 2596 3347 3658 3230 2826 3176 23.93 29.49
ormer SSIM 0916 0.879 0903 0850 0.855 0807 0919 0824 0877 0717 0.855
LADE-DUN PSNR/AB  37.53 38.43 4049 3617 3736 3443 3927 3692 3392 3255 36.75
i SSIM  0.881 0976 0984 0953 0903 0917 0974 0953 0830 0936 0931

T IR B — SR AR bR e DL 45

6 HiEESRE

JEI AR RO R L, B E R
I A R OIS IEIR . ASSCLAZR A ALAR PR IR
AR A VI G, R FOGE AR . BN T
2 A FLAR DR IE OIS 1015 Y D E A S F B A AR Y 5
U B B B DG Ay 2 A A S R R Sl )5 vk
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AT RO B S R A R AR AT RDETE
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D EDEIE G SE Jeas — i R e LU AR 5
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PG 2 114 R R0 PN 2 | e R 2 A SO, ELAN [R] 2
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Table 3 Other metrics of HSI reconstruction on KAIST dataset
Params/M FLOPs/G SAM RMSE ERGAS SCC
GAP-TV - - 0.292 0.052 67.60 0.877
DeSCI - - 0.245 0.049 62.31 0.893
A-Net 32.73 32.17 0.207 0.026 34.55 0.967
DGSMP 3.76 647.79 0.149 0.023 32.68 0.976
HerosNet 11.82 447.55 0.179 0.020 27.37 0.981
MST 2.02 27.48 0.127 0.019 24.42 0.984
SPECAT 0.29 13.04 0.180 0.020 27.19 0.980
DAUHST 2.08 26.52 0.122 0.016 21.08 0.988
PADUT 1.35 23.64 0.098 0.017 21.08 0.986
RDLUF 1.89 40.78 0.094 0.016 21.16 0.988
S2Former 2.84 188.33 0.159 0.023 31.73 0.977
LADE-DUN 3.99 35.27 0.132 0.026 34.64 0.971

T« IOHLEE A B — B R 2 2R

F4 ICVLEEENEEENEMIER
Table 4 Other metrics of HSI reconstruction on ICVL dataset

Params/M FLOPs/G SAM RMSE ERGAS SCC
GAP-TV - - 0.121 0.058 56.41 0.883
DeSCI - - 0.105 0.053 45.06 0.894
A-Net 32.73 32.17 0.169 0.030 46.39 0.976
DGSMP 3.76 647.79 0.147 0.027 47.11 0.983
HerosNet 11.82 447.55 0.139 0.025 43.40 0.978
MST 2.02 27.48 0.148 0.024 43.94 0.971
SPECAT 0.29 13.04 0.142 0.030 40.90 0.969
DAUHST 2.08 26.52 0.076 0.017 22.06 0.987
PADUT 1.35 23.64 0.128 0.024 38.72 0.983
RDLUF 1.89 40.78 0.206 0.048 67.72 0.955
S2Former 2.84 188.33 0.148 0.026 38.56 0.965
LADE-DUN 3.99 35.27 0.148 0.016 33.86 0.984

T IORLEE A B — S fe LA R

B RGN B 5 S R BB e, 20 ) RIS (Li %8, 2025b; Moser %, 2025) o {HJ2 K
S RRREA G- 20 A (Fei 55,2023 ; Zhang 55, 4 0B AU B 42 07 T3 5 AR e 1T 11 R A1 9 25
2023b) , FEE LGSR T) B IS AR SRR S kR B, USRI ME A B RIS | BE AL 5 A
()RR, I HS AR AR A A (26 T B i e 2, 97 . Al s B wic A i R A PN 2, S IR 5
OB 2 SRR 0 A A BURE ES IR ZRE NS A RO B ok = R s T s e e e, W
BT &R gD RS IR LN 2 AR R IRABRR

FEPE TSR, 7E SR UG AR ) A B | A2 I 56 I i) 7t IR R G G R S NS IR
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Fig. 6 HSI reconstruction on S7 scene of KAIST dataset( (a) the RGB image; (b) the simulated compressed measurement ;

b
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(¢) the spectral density curves; (d) the four reconstructed spectral bands )
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Fig. 7 HSI reconstruction on S2 scene of ICVL dataset( (a) the RGB image; (b) the simulated compressed measurement ;

(¢) the spectral density curves; (d) the four reconstructed spectral bands )
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Fig. 8 HSI reconstruction on S3 scene of real-life CASSI measurements ((a) the RGB image; (b) the simulated

compressed measurement ; (¢) the four reconstructed spectral bands)
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