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Abstract: Hyperspectral image (HSI) contains rich spatial-spectral information, it has high discriminative ability and
wide applications such as remote sensing, geologic examination, and medical diagnosis. The 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 spatial-temporal resolution, which hinders the usage in dynamic scenes and motional plat-
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forms. Recently, compressive spectral imaging (SCI) has obtained the research interests. The coded aperture snapshot
spectral imaging (CASSI) could take the compressed measurement of a 3D HSI within single exposure, the high efficiency
makes it a hot point in computational imaging. One key technology in CASSI is HSI reconstruction, which aims at restoring
the latent HSI of high-quality from the compressed measurement. In the last decades, several HSI reconstruction algo-
rithms has been proposed. In this overview, we comprehensively reviews recent advancements in spectral imaging and
reconstruction methods. First, we analyze the physical process of compressive spectral imaging, and formulate the spatial-
spectral degradation model. Then, we model the CASSI reconstruction as an ill-posed reverse problem, which requires pri-
ors as regularization to reduce the solution space. Taking the prior as a view angle, we divide the current HSI reconstruc-
tion technologies into four categories: 1) model driven methods based on hand-crafted priors, 2) data driven methods
based on deep learning networks, 3) model-data joint driven methods based on deep priors, and 4) the recently proposed
generative diffusion prior. Via such structured analysis, the overview aims to offer valuable insights into the core idea,
design paradigm, and evolution of different methods, highlight the persistent challenges, and provide an outlook on their
future development trends. The model-driven methods rely on hand-crafted priors, various priors such as total variation and
sparsity have been proposed as regularization in HSI reconstruction problem. They are mathematically interpretable, and
could generalize to different imaging systems as long as the degradation model is accurate. But the hand-crafted may be sim-
plistic and fail to fully capture the complex spatial-spectral characteristic of HSI. The iterative optimization process of HSI
reconstruction model is computationally expensive for real-time applications. Tuning the hyper-parameter in HSI recon-
struction model is also difficult. The data driven methods uses deep learning networks to learn a mapping between measure-
ments and HSIs. Different networks (e. g. , convolutional networks and Transformers) have been designed to exploit the
spatial-spectral features for HSI reconstruction. Normally, after learning the complex data-driven features, high-fidelity
HSI can be inferred efficiently. But such networks are black-boxes with limited interpretability, what’s more, the deep
learning networks may fail catastrophically when the spatial-spectral degradation is unknown or even unseen during infer-
ence. The model-data joint driven methods combine the strengths of model driven and data driven methods. It originates
from the traditional HSI reconstruction model but replacing the hand-crafted prior with an implicit deep prior. Classic opti-
mization algorithms are used to minimize the HSI reconstruction model, the iterative solutions are unrolled into a deep net-
work. Each iterative solution becomes an unfolding stage in the network. The hand-crafted prior is replaced with a learn-
able denoiser as deep proximal operator. The unrolled network is trained in an end-to-end manner. Since the network is
designed under the guidance of imaging physics, compared with the data driven methods, ‘it has higher interpretability and
robustness in varying degradation cases. By learning the deep prior, it achieves higher quality than hand-crafted priors.
However, these networks can be regarded as discriminative models learned by regression losses, they tend to produce deter-
ministic results that are actually the “averaged” distributions of potential ground truth, thus leads to blurry outputs and hin-
ders reconstructing fine-grained and detailed image structures. The diffusion model could generate diverse and highly-
realistic contents, leveraging the generative diffusion prior may remedy the limitation and has shown the potential in HSI
reconstruction. Further, in the overview, we select 12 mainstream HSI reconstruction methods and compare their perfor-
mance on widely-used datasets. The experimental code and data are at: https://github. com/DDXNJUST/Computational-
Imaging/. Based on the experimental results, finally, we discuss the shortcomings of existing works and future work
trends. Several pain points such as representing the complex spatial-spectral futures, the limited generative ability and con-
tent distortion, and the disjointing relationship among compressive imaging, HSI reconstruction, and downstream tasks.
The purpose of this overview is providing a comprehensive introduction of spectral imaging and reconstruction, and also pre-
senting valuable insights for future advancement.
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Fig. 1 The illustrate of CASSI and HSI reconstruction
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Fig3 Schematic diagram of data-driven HSI reconstruction.
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DI SIEYY WA A% AW D 11§

3 ETHREFINRImLCIEEEZE

BRI 3 1oL 1 S PR bR T TR,
TEN A S R, TR B 22 I 2% AT LA SRR T4
G T AR ) B RS S& A, I R e G R A
B B 9K Sl A D' T A i i ) Ao 2 I 4%
MR BB 27~ I 15 v D1 PR ARE A ) — R
L UHO — M) 27 o] B 5B . A 3 i, AR Y
— PR TRIE AR R 25, pRER S () 27 i 22 I 245 114

SF O ERESRN ~ = £, M5 0), R gnib LA
FENE A MBS, DO 4 D Y B A G RS, 0 TR
JERIZ L 1 S8 . — AR S TR 40 65 iR As AL
B KA REAR KT (Y, X, ), 2~ M2 S50, M2l
SRR FRECH
loss = > 1IX, = X, (16)

2 0 PR H LRI 1A €, T ERORT € VB
IV 4% 308 3 Ao B I 1) A5 4 , e /MR AR R, 24 21 250
0o HRAE X4 2540 A0 FME Ty T A 5 i 2 i 5 B 22
[ 28 F1 Transformer [ 2% , F 1 4351 el i
3.1 mEHERMENEHILEEE

TEDRIE 2 3] v, 35 B 28 0 4% S — ol SR 338 i
PG 3 DR 28 AL 38 2ok 7 (R 2 ]k A T 46 R
THE, ORI 7R S 4RE . Dong %5 A (2016)
HORIR SR A N T ER A e, &
W T HAE MG E RSSO S . B, =51
P 4 Rl B 2 4 T ol i G
Gedalin % A (2019) F] ] 3D # A% i1 U-Net (4% , 4%
P25 TR B RRAE . Miao 258 A (2019) 76 45 B 22 )
g S ERE HER T RS A PR  EE S
FeiE EM% . Hu % A (2022) ik — 22 5 25 [
DTSR A7, BT S5 2, 48 5 o) 45 of T 22
235 P REAE () SR AR R TR S A T B AR ) . S
IR, Fu s8N (2022) Bt 2 RGN 1T
PAN+CASSI il & H . Cheng %5 A (2023) F F 51
2 I 245 B3 XL 3 U R 4%, 4 R T A
2 RN Bk B A E OISR EUR . Y Rz B,
Xu %5 N (2024¢) 7F 45 Bl 28 0 45 vh 45 45 (il L i 72
o TEATI A T 25 (R BE5i ,  RE I T 28 8] 42 Jey A oG
Peo 0T SEPRERE , Cai %8 A (2023) # H AL BT
W4 B T S50, 1R m TGS EENCR.

7 33 B 355 U2, T DAL 2 >0 A 4 i - 3
Yy S R B R WS, R 3D 36 R 8 I 4% 2 )
23 TR FERFAE , AT LSBT 48 61 iR 3 543 26
(Yu%,2019; Zhang % ,2021a) . 4K |, B2
08 245 2 R AR X 7 B, S P e G T AR R R
S v o (H A U 2 I 465 1) J A2 1T 2 SRy
(14, ME LA 27 2] 3 ik MG RO o &, BR 6 T F gl
PERE
3.2 i F|i% Transformer M 48 By iE B iE

Transformer [% 2% & F H ¥ 7 7] (self- attention )

© h[E KR KL AR



PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

B, A% O AR i 4y R A 7 41 o R
[ (AR OC R, T WO 4 AR B PR 254, Bl
ot 22 3K 1 B LT A T S A rh &R 2 J)
(R AR DG S AT R R O OC 3R = RO AR . Trans-
former Fe W 7E FH SR 5 A0 3 b AT 2 1% , I Js g
ZEiFEAHLM B . Vision Transformer (ViT) ¥4 K14 55
F R RGP 51, A AR G R ) A AR, UERA T
TE 73 F A BT 55 H Y ) (Dosovitskiy 55, 2021) .
W5, 2% G Transformer P25 AW B, FH T H AR
R o3 2 HE A L SE AT 55 (Khan 48, 20225
Han%%,2023) .

Transformer HA7 42 Jay 8 AZ WY | 76 ik & 2 b fig
A7 1 5 s PR v A R RO 5 R R0 BT SUE L
AT E#EECIERG . HIU, Meng 2 A (2020) F)
JH Transformer 4 i U-Net , 23 545 25 [8] 4 F1 G 427
2] ARy, S E G KR o 6 Trans-
former i A] LAZE G B R 45, 2 2] 25 (8] Jay 3 AH S 1 ¢
20 Bl AR BT, 7 A MRS 5 1Y Trans-
former, A] DL7E 3% 85 g v R 4w FLAR IR AR AR 2.
L 8 4 5 P 15 3K (Caai 45, 2022a) o Yao
N (2024) 4 1125 -3% B Transformer, 4545 %5 W7
FEWAIN (1 G B =W 1D oyt =W i oyt e
J1o Li%E A (2024 ) $ H Gk 25 - 28 X Transformer,
I3 3 U-Net ZEAGTE 22 KU 25 [A) il 5 25 -3 A, 52
WL RGB+CASSI il & H A . Wang 55 A (2025) W AR 4z
Gt LA DO T IR 2% bR, 3R A5 0l s 7D 448 5 S
1 Z W) ER BT $2 1 Transformer IR 7454, @&
ZS RIS HEE 1o 7E Transformer HH 455 BR 5]
S, AT AREAROG 1M S, SO IR 1o Bt
(Hu%§,2025b)

AERE TR RS S O B R 4EfF7E AR A1
S gE M, Cai 8 A (2022b ) 2 H 5 5% Transformer , 18 13
Mg o7 21 DXl SR SIS A Gt i 25, S G54 1Y
23] [ R, HEBRAEAR XS54 , $2 5 T Transformer
XA R SRR . 2ERIAY, th TOLRE ARG,
i 45 P B B B B 3R s W FE AR B P Xu A
(2024b ) # 3 EIE R B Transformer , {27 > 1 &7 Bt
MM OC 22, H v 1 o0 &4 % B 2k B i SR A e T A
ik i MR

T REAR AR AT W, T AR R
7 D EDEE [ 1132 ) (Zhang %5, 2024b) o A %45
AR, Luo %5 A (2025) 27 ~ XU H 19 22 KU J i

TRy, XoF PG 2 8]0 3 A [) RUBE 3 o 78 Xk, 7E X
Sl R DR ] A ) F R T TG E A, 2R
B, Li 55 A (2026 ) #2 H 7] 73 B 638 Transformer , 756
Tk 2 X6 ke B 43R S DX, TR X8 P A DX Sk ]
MATEE, LR EAOEEE A Yin A
(2025) 75 XSl A ry B BE |27 > 25 3% B TR ), el
/LT Transformer 13588 248 . Liu 22 A (2025b)
TE 155 6T B Y 3 o 25 ), DA B2 R 0T 40 1) 27
2z [P HDGTE A TR, B =

BRI, Transformer X 2% Hb 35 FR R 225 0 445 HL
A R4 R B B, RS 1R 3 R il N2 AR
WK F R RO G (B 9K 3l 3
AN R AE T, B PR RO M 2Tk i MERY) , B0
25 () S B0 TR O, 7T I 4% 4 E (4 7T fige gk A
XA ELLFE 23 F O3 iR 1R AR A

4 YEBEERENKESIRILIEEZE

BN FVECR R 5 8K 3 161 A RS 45 B A5 5t
IR BIK 2y 7 9 VRS B SR B 2 > O ik B DL, 7
2k AR B 2 2] Fi AP R R SR A ] A i g 0 4
AT R TR ] 4 '8 G AR Y IR AR
10 BARR R AL S 2 I 28 51t il iR A
RIFNSEI0 N, B OG5 s g s Ay R AR A ik
R 3 o RS R IR 246 T P SIE 3, AT 3 1) 4% 1Y T BPLARE
HRHERY) 38 5 D) 28 (%) 0] i B (Monga 45,2021 5 Yang
% ,2022; Zhang 55 ,2023a) . AR5 B 5850 56 1E ], F
— LA A M A ) IR SR A o IR
Sel A SR A A R
4.1 BEEFINREXR

BRI EG 65 (deep image prior) I] LLAE R Y61k
AR N, e e — A B B A R AT — K
T LAk BEAILA) I A 1 R B I 46 T (LR,
S, LY HT GO B — R, A B I iR
W 255, HR e % DA BB AL 75 2E 180 EHR (Lempitsky 45,
2018) . WREEEMGSeE i BARE w150, BIA N TR
P 25 B B AR A B SR b 3 — R AR A 1) R B
AIEH . Meng 55 A(2021) 42 Hi A B TR B SE56 1E
WU D' Ei e, 7R C6) 1T i A A v AR B
K se s, A7
.0 = argznin| ly - d5ac|“‘2 +u)(x)st.x=T,()(17)
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Bz, BBR, IXF, HE
IR 5 A R IREN B E AL iR BUG EE R A LR

A2 = T,() Fom A B RSB S d , A h Rt
TR REAE th S50 0 O R 2% T(. ) MBHHLIE 5
Al K b T HE

A

%0 = argr:1in| ly = @x|” + pllx = T,()II2
z}uj(x) + Ally — @T, (I
A AT K M I 5 I NGB AE &t v, H H:
ORISR I, 55 (k + 1) 2Bk
6! = arg min plix* = T,O)I12 + Ally — &T,(I12(19)

£ = argmin| |y — ¢x| "+ pllx = T, Ol
. (20)
+nllx — 28113
o' = argmin wJ(v) + nllx" - oll; (21)

G- ) FUR A R R S 56 1 B U R, A
YT PG A REAR I ZRTR B R 45, (0575 00 26 i 114 3 i
e GG R, I HOBAL S 180T TR 47 0 i o -1 (] 2
BAMKM . v-F MR LUC R J () 50 25
i, AT LU EI B (plug and play) EUAE, AU
L MEas R AR (21) o IBAORAE L3k TR, ATk
S H AR RO EIA

PR B
B mLs T, BoRm FKER
L St + -
y 2z v v-T- 8, SERR I 25 o

(a)
Manba — famba g
P e ST xggﬁgc—-y:\:‘ 3

Transformer? )
AL ST

L~ ]
-

L ]

N Vst o SR

w] ||
! i v v
3 i W i
¢ R : =
i P : [y
""""""""""" N —
QT e ==
X x

(b)

K4 (a) A HERIE S BOEIEE A, (b) A FI S RIS+
Fig. 4 (a) Supervised deep prior for HSI reconstruction, (b)

Lia g

different architectures of proximal operators

e BRI ESL T, n] LAZS & HLAh e 5
WA IENDGRE B . B140, Chen %5 A (2024b) 7E £k
PG A BT A DGR, A B 2= IR
JEe ok A, Simondh A A CIEEIE .
FELY, B W BB S 5038 1T LS TR i L MR
JE 56 BX A OE W) S B, 52 80O i (Chen 55
2024a) . % IEF| im0 EMRAE K i Tucker R/RBIAY
TR, F B R EE S5 W] DL Tucker IR 2

WG G WA IE WG 1% 8 2 [A) 8 (Chen 45, 2025¢) .
Gelvez-Barrera 55 A\ (2024) WA & 5 Wi B IR B S 56
M BA Tucker [RFLYE , DLH Tucker flLER
SeI A A B R B R IR S . R,
Chen %5 N (2025b) A 1 Mo B T 2 e 56 10 245 1 i A
I ELAA R P, DA B 5 90 R BE S 5 KA 1E 0
DG A, I FH % 1 A A6 BRI 24 2 > TR
S, AR PR i
M TR B R e s LA B B Iy 5 ) vl g
FOET G . Mei % A(2024) 78 [ W& TR B 5B 56 (1 1E
MR, i =X >0 2 TR SRty o 26 RIS SRS 4%,
DT RS, e A W 2= ) iy | AR T R
A FUA AU o Liu %8 A (2026a) £ H H.1E D] i) X5
FESEI, B 22 2T WA I 45 A i ek S, IRk
TR ARZAE M i 5 . Dai 55 A (2026) W 7E
H B G pRES T 5 ] AT LT A8 488 , a2 X 1% B4
W P A A
AR L TR SR 2y i, BT B I BHIR B e Y
Dt H A IO AN R B | (X R 4 DN B AT
AEELIE G . HE T BLA R PR A B
> R e T S R TR BT R AR R RN
AR, B U T B ERT U 2, S B ERT
4.2 AHREEINRELR
TR B 4 30 T DA I 28 v 35T R B I 2R AR
AW R o OIS AR A O Ak AR SR
TR BE N 265, DK S I A A i 381) i 1) A M B 2 2T TR
JESEE AR A AR s E A RE . (R (6)
DI WaB UR B S g AV S TE U0 7 (L), i B AL R Ry R
JEE ST IE I i AR R R g SRR
i, 5 KBNS 5 o 3 25 5500 Z0URN T 3, 75 2]
% = argminlly — @xll} + wJ(v)s.t.x =v (22)

¥ B R FOE A
% = argminlly — @I} + wJ(v) + yllx — oll}(23)

A, RN G A . 3 5 S R AR A oK i
3R i R AT [l

27" = argminlly — @all} + yllx — o117 (24)

k+1

v = argmin yllv — &" NG+ wf (v) (25)
o= W) R SRR WWUAR OC , W] ARSI i i

A DA I y AR BB AR RS @, FLPAT SR
2 =(D"D + ) (DPy + ') (26)
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HI THE M @' + I R K AR e LU 5
e T AR EE R AR oK A Lk A
' =xt - [ @ ( D= y) + y(aF - 2F)] (27)
Krp,r BEREE TR o-F IR =2 RSG50 A
K, TR S A Ko W AUERE T L%
502 I 25 KA 2 2D i, TR BE S B 4B IR 5
(proximal operator) 7R
v = prox(a*") (28)
TREE e g AR B3 1] Ze MR S8 L TE R A AR
i 28 i P A M o o DA R P A T
WEFE "yt ARk, SEENTIZ I G BB A 25
23 -GG, BT TN A R MRS AR B S AR 5
T Wang 58 A (2019a) 3 1145 B 25 0 28 L I 24
oK S N RS S\ L R N o Y ot 1 E Y
FRARRILE , ST A T2 T M AR R, 4T &
FEPERE (Wang %5 ,2020) . Zhang 26 A (2021b) 25 &1
PRI IR &3 55 R ik K a7 43 M o 1) 2 Y
I T M4 S8R Ying % A (2024) 5] ATEJR)
SRRk P A TE D5, 5 34 A 28 ) 28 IRk 1)
2ROy IVE N HARIESE 7, TG H . Wang %A
(2024) % 1138 X Transformer {E A 4RI 5 1, 12 4 5
A O R AR OGHE , JH T CASSIH+PAN Fili 5
. ZKLIAY, Dong %5 A (2025) 472 tH 28 G 3E Trans-
former /F 24 & 3 557, 5230 CASSI+PAN fill & H 4 .
Liu 55 A (2025a) WPRF IR EE S 56100 (. ) e o 25 A1 5
B FOGIE Sy, oy i B s ] g RS g O
Transformer £ 4 &P 5.+ , B & moG ik B . W]
DLRF R Fe 3 J () Al il B o B e 56 AR R - o
SE8, 43 )T Transformer 2830 57, ZEROGHR T &
RECIE RS (Liu %5, 2026b)
VT, A T Transformer £ 8Y , PL Mamba H X
F PR ZS [ (state space model ) HAT Ry S A5
REJT, 51 K% G . Mamba 2% .0 BAHE U
[) J7 o) 14 P45, 388 VA T H SR AR AE e S O AR OGP o el
THENE LA 2 A% BE A AR A OC 25, Mamba #5010
o R AR IR B S 50 40 3 55 1 - B 4, Dong %5 A
(2024a) ¥4 1 22 ] Mamba 1E R 483 8 F W5 72 1
AT AL E A BEAT TR g
Ty AR B AR K FEOC R o Zhang 55 A (2024c )
& Mamba < VT 555~ P gE AT R ik L HE , 45 4 SRR AIE
AL TS AR B FEEAT A D I Y R S A

3

Tian 5 A (2024) 4 )73 78 F19F J5 & Mamba 48 1 5
+, A4S A R R AR SR v DL OGS AR
JRIERE 1 A2 AR DG, T R I R . AE LR
[, Meng 55 A\ (2025b ) 5 B i HL - 25 46, PEARAE A5
HEAT R HA A, S — DR R OC R o Qin
&2 A (2025) W Mamba Fi1 Transformer 20 & JHVE 4K
UL, Horp Mamba 75 RAE 7K 82 19 =N 4ERE F 751
. bR T RRAE SR G A = D 4E B Feng 5 A
(2026) i — 2B R AE 20 43 BUAS [/] RUBE , 494 A [A]
FERIARSCHE . BEAR 38 7T LA TFES B Mamba /RN
SRIUT T, H A R A A MR R i AR e R
CASSI+PAN Fil &5 H 1 (Meng 45, 2025a) .

B 7k s A T Ma 5 N (2019) 122
B 7 ) 3fe AL BK B AR I B2 R A O
R R 0 4% Jre T, i bR BRI A s e
ATV TR g (22) , IR R R E 22 B AR TR
25 RN 5 VR Transformer VR 48T 5+, F & m oG
& 1% (Zhang % , 2022; Hu 4 , 2024) . Meng 2§ A
(2023) R HJ A F o ke (22) , A H 9w i
BL Bk 25 B AR 26 SR [ B AR A SR AR B3, S B
A5G RGO ER BRI A 15 ) E A

TESEPR AR o T e IOt e A AR 1R 22
Mg 7 A S B0 S PR A AR A 5 AR AR A A 1] (1) 08
W, 2 F AT AR TR B R T I 2 rh 2 ) iR Ak e
B, Cai 55 A (2022a) i Hi 1B AL IR A4 R 15 R T 4
2% BB AL 20 45, DA 47 DN 25 R G A 4
Fa X RIS B, i 2 ]RUE Transformer /£
PIEHE T LigEA(2023) 4R A @ N iR b s
THRIZ 27 ) BB FIB G B 51 IR SR TT 28 1
JEiEF A . Dong %5 A (2023 ) 5 113 {45 Y Ak 11
D2 , 27 ) FLSE  PARGR AR MR B 22, T GE IR
AR US| Stk s, I 6T Transformer 1
23 [REHNE G L8 A SR8 s 7 B v
JE JR I I 24 1 1 B I 25 4, AT DA 2D R 2 28
(Dong %% ,2024b) . Yang %5 A4 H 1R £b B B e
B, TE R R T o 2% vt 2 o] SR AR AR A v i
B R Se5e , T & Al B AR BB A= S s KGR
(Yang %5 ,2023; Xu %% ,2024a) . MeAb, W a] LLEOERE
i At ] A Ay e O LG ORN B 2 43 i B B B A T
[R5, 43 93 11 Transformer F145 B 28 454 h 5
TG G AR 22 73 i 4RI 551 (Zhang 55, 2024a)

SRS, A TR R T 24 1282 ) e i
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Bz, BBR, IXF, HE
IR 5 A R IREN B E AL iR BUG EE R A LR

PR TR B Je iy, AR Lo TN By vk iy 3 158
FEFRIRRE ) B0 5 AH LG T Eidh 9K 5l (0 TR 13 o ) T A
PO 265, HC AT fifp R B vy 8T e, TR B2 Jre O 0 455 1 2 24
BIOGTE B A 0y 0 s (H TR B S il i
R 22 S M HF R YN SR, 27 2 1R R GRAE A v
i S Al (Zhang &5 2023b; Moser %,2025) , 55
PR A TR OGS AR SR T, 455 BB U7
KA F AN A i B DL, 7 T HE S, i
PECAE SR 3K Sl G AL R AR IR R
(R HE T )
4.3 £ EER
P HCAE Y AT B 1Y 70 A1 2 > M BB 3R
BB, WA 2 A AR E B R B TERIER R
Ji | E A A S [l AL A R ) (L 4%, 2025h; Hu 7%
2025a) , =T FFHLILGE HLAS 7 > BRI o
F A, AR B B 5 25 e 7 RO R A5 Y
(denoising diffusion probabilistic model , DDPM ) Fl1 3£
T4 (score ) 1A BRABTHIZE . DDPM & L Hy /R 0] g
S, T 9 1] ISR R 1 3B A A e
5 s LY RO 27 0 (Ho %8, 2020)
gxlx ") =N(x'; /1 -8, " BT) (29)
Lo, B, MR AR N () T oA o AR
2R, X (29 WrT LS
x“=ﬁx°+,]l—7(la (30)
XP,a,=1-8,a =ao,a,..a,e~N(0,1) 25
BT o YRR s TR 4 K B0 i v
O3AT o S AT HCR AR A 2] 30 ) Mt B A
S A6 73 A 3 e e o3 AT AL o i ) SR AE AT AR
po(a M) = N (2" ey (2°5),020) (31)

A,
; 1 _ 1 A
Mo (x'5) = (2 = &,(x'sy)) (32)
Ja J1-a
0_2 — 1 - ax—l B (33)
) l-a ™7

£ = &,(x', s, y) BB HIORERY A M 75 THTI ] 255, LA
Wity Jg 25 At v TSI M P 0, R ARG AR
HR A 2 M 5 B X B A (denoising diffusion implicit
model ) (Song %5 ,2021) , J& [M2RAER] 5 Ry

. F["‘C_‘i"g} J1-a, _8(34)
a.\'

MR PG BN )™ HOBE A, i] L3RR s i

AR AERPEES . T RO R A e L 7E
TG R BB 5 R ER 8 (Pang 45, 2024 Liu
% ,2024a; Yang % ,2026b ) SF AT 45153 2167 . Li
8 N (2025a) $2 H 25 (8] 7 8 3G 56 (19 %6 JE Trans-
former, 1 22 2R 0 1 B 11 41 4 25 ] R4 i o %
TG 2 D) 3 33 B O R A (R R L, ZE AR
23 (AR GRERRAE , R GREIR R , 327 T =i
PG R A E @ PEAE . Chen 25 A (2025a) 42 Hi AT 33
PR R | 3 1ok v 2 v A )1 5 45 T 5 I 2% 15, 3R T
TEMGEEE . Zeng 55 N (2025) 7E 3570 F 25 7],
FIFH N 5 SO A A il = 8 1) v A3, 20 77
HEOEIE IR . BRI TR R EREA,
Huang %5 A (2025 ) 3t 52 JUART 22 45 A4 10 DA A A X, 4
A WEB BOE BRIV | 8 B B SR AL IE
A AL IR T Ay

PEEEE OGS A O — TR 1 s R A
RV A9 SR (Zha 55,2023, 57 47 1S 56 10 0 A9
T A AR s (6) HR A IE U T (L) SRR
B, AR Al 3 TR X I A4 o-1- 18] 5K (25) AT R R )
BOCRAL T T . T o-F I BHE L 72, M-
HORAEL 20 | I, Pan %5 A (2024) FH I 224
BB P SRR SR gt o-F (01, FL T DT
Fe 8, AT A RGB G I 2R Hss A0 A i g
eI EMSR . Wu 25 A (2024) 78 = 3% 5 1 Ik 4
Fas [E) 2 ) 9 BN, B B R IR T A TREE S
B 4B T BT, 4 TH VR B I W 4% B 0 % B R AR
KR, Yang 2 A (2026a) #E57  BC 56 5 TR
B I 1E DU () 0 3 B AR | USRI R IR 7 5=
FNA ST, L) Mamba [0 4% 38 75 5 B SR 06, E A
JEi A

BRI P B R GE 98 A4 p s B LA &
() U, e G B A A I () L e U — il
FE 4G UG F A ) G SR O L, el e A
B S A AR T 329 2 - KRR O R e iR
PSR () BEALE | 504 -3 9 25 10 e DR LR
WIRMEAFIRANEGE o BLAL, i 5 A A 1 I 454 o
BB g s ) A5 ) A e n s AR R
S SEE R A B A A K TAE AT

5 NEEZMERETEM

ARSCNAN TR IR 1 B 8 T3 v vk G 23 D

(s

R

11

© h[E KR KL AR



12

PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

S AR RS AE I b RE
5.1 HEREMITMIER

12 00 52 5 SR =4 Ok 3% B diE 4R - CAVE
(Columbia imaging and vision laboratory ) % JI& 5 V41
324 K/INA 512 x 512 (8 35 (Park 45, 2007) ;
KAIST (Korea advanced institute of science & technol-
ogy) K 4E AL 7 30 1K/ A 2704 x 3376 (37 5
(Choi % , 2017) ; ICVL (interdisciplinary computa-
tional vision laboratory ) 2 #i& 48 ® 41 & 201 4~ K /N Ky
1392 x 1300 (1937 5% (Arad 45, 2016) . = AHHE 4
JCTE I BRI S 31, 38 i G A (K I B > 2
28, A Y Bl J2: 450~650nm . S5 5 7E CAVE £l 4
= FIZR , I KAIST #1ICVL HUHE 4 45 Bk i 10 4~
ST CUNELS) o PIZRFI S R I/ INER Ay
256 x 256 x 28, i 256 x 256 M HE AT Il 25 Al
TR g U L OGRS L P K 4B 2, R
CASSIBLHEHE .

SR S 3 (Y CASSTAHIZR £ T4 252 K 45
I (Meng 45, 2020) , WA 5 v 7 o 4 0 4
660x660 (1 EL S HMERLIE ], i AL LK 2,
e A 0 PSR R 2 660 x 714, 9801
KAIST¥t4a 48 b illZh, 2 1 DEPC H 4 I £ 19 R/, DA
KAIST % 4fi 5 h BE LA 35 660 x 660 1 FHR e fE
YIGRREAS, I P LS e G i 9 1)

R R OG5 R AL B 1 5 DL 5T 2 48 AR PEAN
(Yan 5 , 2025) : U§ A {5 M LE (peak signal to noise
ratio, PSNR) . 45 ¥ #H {8l &£ (structural similarity index

(Dhttps://cave.cs.columbia.edu/repository/Multispectral

metric, SSIM) Vi fi (spectral angle mapper, SAM) |
77 HR 1% 22 (root mean square error, RMSE) . &5 i 4
Ja % 2 (erreur relative globale adimensionnelle de
synthese , ERGAS) F1 45 #4) A 5 45 %X (structural corre-
lation coefficient, SCC) , Jf: FH Z %1t (Params ) FlIIF 15
BIHRE(FLOPs ) PG AR

ARSCHERE T 12 8 WO L X 1, A
BRI IR B 7 5 : GAP-TV®(Yuan 5§, 2016) . DeSCI®
(Liu %% , 2019) 5 %48 5K 3 J5 7% : L-Net® (Miao %,
2019) \ MST(Cai % , 2022a) , SPECAT? (Yao 4%,
2024) ; B R HIECHE 155 8K Bl )5 1 : DGSMP® (Huang
& 2021) HerosNet@(Zhang 4% 2022) .DAUHST®Y
(Cai 4§ , 2022¢) . PADUT®(Li 4% , 2023) . RDLUF®
(Dong %, 2023) . S2Former™ (Wang %5 , 2025) #il
LADE-DUN®(Wu%,2024)
52 EEGRS5EMNSH

BUES R FOME 250 T AR A
KAIST FICVLEHR A 1 10 M55 5 FRHRAR , i
025 R DML b 3 o A R B 5 35 19 GAP-TV Al
DeSCI Jy 175 B AL B K i [ R kAR, (HATS SR ok
YA E A R DR AT g S R T T (HR T
A ME LAV 220 ) s G R a4 A . B g
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Table 1 The PSNR/SSIM of HSI reconstruction on the 10 testing scenes of KAIST dataset

Tk R S1 S2 S3 S4 S5 S6 s7 S8 S9 S10 Avg
CAP_TY PSNR  27.15 2600 2691 3540 2465 2372 2469 2324 2549 2470 2620
SSIM 0767  0.691 0799 0910 0737 0.693 0717 0663 0746 0.621 . 0.734

besCl PSNR  27.85 2630 2843 3809 2530 2407 2543 2342 2652 2474 27.05
¢ SSIM 0794  0.699 0.858 0949 0773 0750 0.772  0.735 0.797 0.663  0.779
Nl PSNR 3255 31.66 3425 4101 3007 3074 3073 2956 3248 2880 32.19
¢ SSIM  0.895 0.861 0934 0967 0896 0900 0885 0.889 0896 0845 0.897
- PSNR  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

HerosNet PSNR 3512 3427 3475 4077 3234 3451  33.60 3261 3417 3228 3445
erosae SSIM 0936 0924 0923 0964 0933 0947 0923 0937 0927 0931 0934
\sT PSNR 3523 3571 36.66 4294 3241 3467 3343 3299 3512 3250 35.17
SSIM 0944 0946 0956 0979 0948 0957 0927 0956 0949 0947 0951

SPECAT PSNR 3436 3454 3473 4123 3202 3401 3289 3268 3421 31.85 3425
SSIM 0924 0916 0931 0959 0925 0942 0912 0936 0926 0926  0.930

kST PSNR  33.07 36.13 3696 37.95 . 4445 3418 3602 3500 3403 3691 3647
SSIM  0.947 0949 0952 0960 0980 0959 0965 0942 0959 0957 0.957

PADUT PSNR 35.63 3697 37.92 4328 33.63 3537 3455 -33.11 3633 32.87 3597
SSIM =~ 0947 0956 0963 0980 0959 0964 0939 0960 0955 0949 = 0.957

RDLUF PSNR  35.83 37.36 3874 4440 3390 3578 35.15 3394 3687 3323 3652
SSIM 0951 0959 0967 098 0959 0966 0946 0965 0958 0951 0961

woF PSNR  33.08 3334 3381 39.67 31.05 3336 3338 31.09 33.02 3135 33.22
ormer SSIM 0918 0911 0928 0953 0919 0928 0916 0908 0924 0915 0922
LapE_pux  PSNR 3284 3207 3370 3988 3023 3158 3150 2879 3250 2001 3222
SSIM 0909 0.890 0939 0972 0916 0927 0900 0.897 0920 0869 0914
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K5 (a) KAIST, (b) ICVLERAEF (o) SEMEHE N 12037 5%
Fig 5 The testing scenes from (a) KAIST, (b) ICVL, (¢) and

real life datasets
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Fig. 6 HSI reconstruction on S7 scene of KAIST dataset, (a) the RGB image, (b) the simulated compressed measurement, (¢) the

spectral density curves, (d) the four reconstructed spectral bands

© h[E KR KL AR



W, BER, AXE, H=
IR 5 A R IREN B E AL iR BUG EE R A LR

W w0 w0 w0 s 50
\Weveiangth (o) A-Net DGSMP HerosNet MST

(c)

K7 ICVLEHRAE 2 5 A AR, (a) RGBEME, (b) BHEARN (o) JEilkE R

SPECAT DAUHST PADUT

(d)

ek, (d) oA~ H i B

Fig. 7 HSI reconstruction on S2 scene of ICVL dataset, (a) the RGB image, (b) the simulated compressed measurement, (c) 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 real compressed measure-

ment, (¢) the four reconstructed spectral bands
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