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Abstract

Hyperspectral image (HSI) reconstruction aims to restore the
original 3D HSIs from the 2D hyperspectral snapshot com-
pressive images (SCIs). The key to high-fidelity HSI recon-
struction lies in designing refined spatial and spectral at-
tention mechanisms, which are crucial for generating fine-
grained representations of HSI based on the limited spatial
and spectral information available in SCI. Recently, Mamba
has demonstrated remarkable performance and efficiency in
modeling spatial correlations. Its implicit attention mech-
anism generates three orders of magnitude more attention
matrices than transformers, significantly raising the perfor-
mance ceiling for HSI reconstruction. In this paper, we pro-
pose a novel joint SSM network named Sp3ctralMamba for
HSI reconstruction. Sp3ctralMamba integrates frequency do-
main knowledge and physical priors to enhance reconstruc-
tion quality. Specifically, we first perform hierarchical de-
composition of the 3D HSI embedding to mitigate the neg-
ative impact of distant bands on reconstruction. Next, we de-
sign a joint SSM block S3Mamba (S3MAB) to perform par-
allel scans of the embeddings from different bands. In ad-
dition to the conventional vanilla scan, S3MAB introduces
a local scanning scheme to address the reconstruction chal-
lenges posed by the spatial sparsity of spectral information.
Furthermore, a spiral scanning scheme in the frequency do-
main is incorporated to enhance the order correlation between
different frequency signals. Finally, we introduce energy pri-
ors and structural priors to constrain the generation of spec-
tral and spatial representations during the training process.
Extensive experiments on both simulated and real datasets
demonstrate that Sp3ctralMamba significantly elevates HSI
reconstruction performance to a new level, surpassing SOTA
methods in both quantitative and qualitative metrics.

Introduction
Objects exhibit varying reflectance under different spectral
wavelength. Leveraging this property, hyperspectral imag-
ing is widely used in various fields, such as agriculture
(Ishida et al. 2018), environmental monitoring (Wright, Lev-
ermore, and Kelly 2019), object tracking (Kim et al. 2012;
Pan et al. 2003), and medical image processing (Lu and Fei
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Figure 1: The visual comparisons between our method and
ViT-based SOTA method on simulated dataset. The MSE
residues between the reconstructed result and the ground
truth in the bottom row demonstrate that Sp3ctralMamba has
better spectral fidelity.

2014; Meng et al. 2020). To collect HSIs, traditional imag-
ing systems require sequential scanning of the scene along
spatial and spectral dimensions, which lacks flexibility and
is time-consuming (Cai et al. 2022b). To this end, a snap-
shot compressive imaging (SCI) system called coded aper-
ture snapshot spectral imaging (CASSI) is typically used to
compress the information of snapshots along the spectral di-
mension into one single 2D measurement (Yuan, Brady, and
Katsaggelos 2021). Then, the complete HSI data can be ob-
tained from these compressed measurements using HSI re-
construction algorithms.

Due to the powerful ability to model nonlinear mapping
functions, Deep Convolutional Neural Networks (CNNs)
are applied in reconstructing 3D HSIs from 2D measure-
ments. However, the CNN-based methods (Huang et al.
2021; Meng et al. 2021) show limitations in modeling long-
range dependencies in the spatial dimension and spectral
self-similarity. The Multi-Head Self-Attention (MSA) mod-
ule in Vision Transformers (ViTs) excels at capturing non-
local similarities and long-range dependencies between pix-
els (Liu et al. 2021), which addresses the limitations of
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CNN-based methods in HSI reconstruction. Nevertheless,
the computational complexity of ViTs is quadratic relative
to the image’s spatial size. This requires significantly more
computational resources when handling HSI data, which has
a much higher number of channels compared to RGB im-
ages. Although some researchers have attempted to make
trade-offs between effective receptive fields and computa-
tional efficiency by constraining the size or stride of local
windows (Dong et al. 2022; Khan et al. 2022), these ap-
proaches may overlook some highly relevant tokens, neg-
atively impacting HSI reconstruction. Figure 1 shows that
the proposed method in this paper outperforms the existing
ViT-based SOTA method on spectral fidelity.

The selective scan mechanism and efficient hardware de-
sign of Vision Mamba (VMamba) make it an effective al-
ternative to ViT. VMamba has demonstrated strong perfor-
mance and efficiency in various visual tasks, such as im-
age classification (Zhu et al. 2024), object detection (Chen
et al. 2024), and image restoration (Guo et al. 2024; Shi
et al. 2024). The selective scan mechanism in VMamba re-
quires each element in the array to obtain contextual knowl-
edge only through a compressed hidden state, thereby reduc-
ing the computational complexity from quadratic to linear.
VMamba addresses the issue of directional dependencies in
2D image data by introducing Cross-Scan Modules (CSM)
from different directions. This strategy ensures that each el-
ement in the feature map integrates information from all
other positions across different directions, achieving a global
receptive field without increasing computational complex-
ity. However, there is still room for improvement in exist-
ing scanning schemes. For example, pixel-wise scanning in-
creases the burden on computational resources, and the scan-
ning scheme in other transformed domains of image data
have yet to be explored.

Without sufficient guidance, the network may easily fo-
cus on low-fidelity and less informative image regions (Xia
et al. 2024), hindering the reconstruction of spectral and spa-
tial information. The spectral information in HSI exhibits
spatial sparsity. Conventional hand-crafted priors, such as
sparsity (Kittle et al. 2010; Lin et al. 2014), total varia-
tion (Wang et al. 2015; Yuan 2016), and non-local similarity
(Liu et al. 2018; Zhang et al. 2019), require manual param-
eter tuning and typically exhibit poor generalization ability.
Additionally, colourants have different sensitivities to tex-
ture at different wavelengths (Cheng et al. 2019). This af-
fects the global pixel intensity of images captured at dif-
ferent bands. Each frequency domain signal of an image
after Fourier transform corresponds to the global informa-
tion of the spatial domain image. Therefore, frequency do-
main knowledge can be used to enhance the representation
of global reflectance intensity across different bands.

To address the above issues, we propose a novel physics-
driven joint state space model named Sp3ctralMamba for
HSI reconstruction. Sp3ctralMamba integrates frequency
domain knowledge and HSI priors to assist the Mamba block
in learning fine-grained representations of spectral and spa-
tial details. Specifically, we first perform a hierarchical split
on the embeddings from the 2D measurement to avoid inter-
ference between distant bands. Secondly, we design a joint

SSM block named S3Mamba (S3MAB), which integrates
three scanning methods to jointly process each group of
band embeddings both in the spatial and frequency domains.
In addition to the conventional vanilla scanning scheme in
VMamba, the S3MAB also includes the Local SSM Block
(LSSM), which uses a local scanning scheme to overcome
the difficulties of spatial sparsity in HSI. We aim to con-
trol the global reflectance intensity of different band im-
ages from the frequency domain, so a Fourier SSM Block
(FSSM) is specifically designed in the S3MAB. The FSSM
performs a spiral scan from low-frequency signals outward
to high-frequency signals, in order to establish the order
relationships between different frequency signals. Finally,
three physical priors are used to constrain the generation of
spectral and spatial representations. The physical mask in
the CASSI system provides an imaging prior for the modu-
lation process of HSI. The mask is used to modulate the net-
work’s reconstruction results to approximate the input 2D
measurements. In addition to constraining the imaging pro-
cess, we further introduce an energy prior to constrain the lo-
cal energy variations in the encoded features and a structural
prior to constrain the texture information in the decoded fea-
tures. Experiments on different datasets demonstrate the ef-
fectiveness of Sp3ctralMamba.

In summary, the contributions of this work are as follows:

• We propose a novel physics-driven joint state space
model named Sp3ctralMamba for HSI reconstruction.
Sp3ctralMamba integrates frequency domain knowledge
and HSI physical priors into the SSM, significantly en-
hancing the quality of HSI reconstruction.

• We design a joint SSM block named S3Mamba
(S3MAB). S3MAB integrates local and non-local scan-
ning schemes in the spatial domain. Additionally,
S3MAB creatively employs a spiral scanning scheme in
the frequency domain to establish order relationships be-
tween different frequency signals.

• We introduce three different physical priors to constrain
the HSI reconstruction from the perspectives of the com-
pressive imaging process and image content. Ablation
experiments demonstrate the effectiveness of these con-
straints.

• Extensive experiments on both real and simulated
data demonstrate the effectiveness and efficiency
of Sp3ctralMamba. The reconstruction results from
Sp3ctralMamba significantly surpass those of existing
SOTA methods.

Methodology
Figure 2 shows the overall architecture of Sp3ctralMamba,
which mainly consists of two parts, the joint state space
model S3Mamba and the Physical Prior Constraint Module
(PPCM). Figure 3 shows the design of three different SSM
blocks in S3Mamba. The details will be illustrated below.

Joint State Space Model S3Mamba (S3MAB)
S3MAB aims to learn the local structure and global re-
flectance intensity of each band by integrating information
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Figure 2: The overall framework of Sp3ctralMamba. It consists of two key components: the joint state space model S3Mamba
(S3MAB) and the physics priors constraint module, which includes Physics-Prior-Driven Feature Learning Module (PFLM)
and Imaging Process Consistency Constraint (IPCC).

Figure 3: Architectures of the proposed S3MAB. The sub-figure (a), (b) and (c) depict the details of FSSM, NLSSM and LSSM
respectively.

from both the spatial and frequency domains. S3MAB con-
sists of three components: 1) Non-Local Spatial State Space
Model Block (NLSSM), 2) Local Spatial State Space Model
Block (LSSM), and 3) Fourier State Space Model Block
(FSSM). To avoid interference from distant bands, we first
perform a hierarchical split on the embedding from the 2D
measurement embed:[

feat
Gλ1
0 , feat

Gλ2
0 , · · · , featGλn

0

]
= HS (embed) , (1)

where HS (·) represents hierarchical split operation, Gλk

represents a group of features corresponding to the wave-
length λk, n = C/ |G|, and C is the number of channels of
the HSI I ∈ RH×W×C to be reconstructed.

Non-Local Spatial State Space Model Block (NLSSM).
SSMs utilize the framework of linear ordinary differential

equations (ODEs) to map the input stimulation x(t) ∈ RL

to the output responses y(t) ∈ RL through a hidden state
h(t) ∈ CN :

h′(t) = Ah(t) +Bx(t),

y(t) = Ch(t) +Dx(t),
(2)

where N represents the size of the state and A ∈ CN×N ,
B,C ∈ CN , and D ∈ C1 are the weighting parameters.
Subsequently, Eq.(2) are usually merged using a discretiza-
tion process:

A = exp(∆A),

B = (∆A)−1(exp(∆A)− I) ·∆B,
(3)

where ∆ is a time scale parameter used to convert the con-
tinuous parameters A and B into the discrete parameters A
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and B. After discretization, the Eq.(2) can be rewritten as:

ht = Ahk−1 +Bxk,

yt = Chk +Dxk,
(4)

In NLSSM, as shown in Figure 3 (b), we use the conven-
tional vanilla scanning scheme (Zhu et al. 2024) to obtain
the states from four directions and perform cross-merging:

nl − feat
Gλk
i = CS

(
feat

Gλk
i−1

)
⊙ SiLU

(
feat

Gλk
i−1

)
.

(5)
where CS (·) represents the cross-scan operation which
employs the following operation sequence: DWConv →
SiLU → SSM → LN . The subscript i denotes the inter-
mediate stage of the encoding and decoding process and ⊙
is the Hadamard product.

Local Spatial State Space Model Block (LSSM). In ad-
dition to NLSSM, we attempt to divide the features into
patches to address the spatial sparsity of the spectral infor-
mation. Different endmembers exhibit varying reflectance at
different spectral wavelengths. While the non-local scanning
scheme helps build global structural associations, blindly in-
tegrating all pixels can interfere with the original reflectance
of objects. In LSSM, we perform local scanning on the fea-
tures:

feat
Gj

λk
i−1 = TK

(
feat

Gλk
i−1

)
, j = 0, 1, · · · ,m

l − feat
Gj

λk
i = CS

(
feat

Gj
λk

i−1

)
⊙ SiLU

(
feat

Gj
λk

i−1

)
.

(6)
where TK(·) represents the tokenization operation and j is
the index of the j-th patch. We perform scanning in four
directions and cross-merge for each patch. LSSM enhances
the spectral associations within local regions of the HSI.

Fourier State Space Model Block (FSSM). We aim to
enhance the learning of reflectance intensity and structure
across the entire image by combining frequency domain in-
formation. The features x ∈ RH×W×C are first transformed
to the frequency domain using discrete Fourier transform
(DFT):

F (x) (u, v) =
1√
HW

H−1∑
h=0

W−1∑
w=0

x (h,w) e−j2π( h
H u+ w

W v),

(7)
The amplitude component A (x) (u, v) and the phase com-
ponent P (x) (u, v) are expressed as:

A (x) (u, v) =
√

R2 (x) (u, v) + I2 (x) (u, v), (8)

P (x) (u, v) = arctan

[
I (x) (u, v)

R (x) (u, v)

]
, (9)

where R (x) and I (x) represent the real and imaginary part
of F (x) respectively. Unlike spatial scanning, a frequency
domain scanning method is used for FSSM:

A′ (x) = FCS (A (x)) ,

P ′ (x) = FCS (P (x)) ,
(10)

where FCS (·) represents the scanning operation in fourier
domain which employs the following operation sequence:
DWConv → SiLU → SSM → LN . As shown in Figure
3 (a), the SSM in FSSM adopts a spiral scanning scheme,
which scans from high frequency to low frequency and vice
versa. Unlike convolution operations, this method can estab-
lish order associations between signals of different frequen-
cies. Here, x is the input feature. Then, the cross-merged fre-
quency domain features A′ (x) and P ′ (x) are transformed
back to the spatial domain via inverse discrete Fourier trans-
form (IDFT):

featfre = F−1 (A′ (x) ,P ′ (x))⊙ SiLU (x) . (11)

where F−1 (·) is the IDFT operation. FSSM enhances the
global reflectance intensity and structural representation of
each channel in the HSI.

Physics Priors Constraint Module (PPCM)
The implicit attention mechanism in Mamba models gives
rise to three orders of magnitude more attention matrices
than transformers (Ali, Zimerman, and Wolf 2024). To en-
sure the stability of SSM parameter learning, we introduce
three physical priors for HSI reconstruction.

Imaging Process Consistency Constraint (IPCC). In-
spired by MST (Cai et al. 2022b) , we attempt to explore
the modulation effect of the mask M in the CASSI system.
In contrast to MST, we ensure the rationality of the entire re-
construction process by modulating the reconstruction result
of Sp3ctralMamba to generate a 2D measurement consistent
with the network input:

LM =
∥∥∥M⊙ Ŷ −X

∥∥∥2
1
. (12)

where Ŷ is the reconstructed HSI and X is the input 2D
measurement.

Figure 4: Reflectance versus wavelength curves for different
colourants.

Physics-Prior-Driven Feature Learning Module
(PFLM). Research (Salamati, Fredembach, and Süsstrunk
2009) showed that near-infrared (NIR) image is transparent
to a range of colourants and dyes. The observation results
of the NIR image can be extended to HSI data. To further
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demonstrate the differences in reflectance variations, multi-
spectral reflectance values are sampled over 20 colourants
on a colour checker, as illustrated in Figure 4. Note that each
colorant’s spectral curves exhibit significant fluctuations at
different wavelength ranges. It can be observed that some
colorants’ spectral curves are aggregated, while others
exhibit significant differences. Based on the above analysis,
we attempt to impose constraints on the reconstruction
content with respect to energy and structure priors.

Image Energy Prior Constraint (EPC). Colour Retinex
(Grosse et al. 2009) uses the following constraints on the
chromaticity and intensity of color images:

R(x, y) = log(I(x, y))− log(F (x, y) ∗ I(x, y)), (13)

where R(x, y) is the Retinex output at pixel (x, y), I(x, y)
is the input image intensity at pixel, and F (x, y) is the sur-
round function that represents the spatial distribution of light
around pixel (x, y). We extend Eq.(13) to HSI data and ap-
ply the following constraint to the encoder features:

LE =

C/|G|∑
λ=0

∑
a,b∈N

∥∥∥∣∣∣log (fGλ
a ↑

)
− log

(
fGλ

b ↑
)∣∣∣

−
∣∣∣log (Y λ

a

)
− log

(
Y λ
b

)∣∣∣∥∥∥2
1
.

(14)

where N stands for the set of pixels in a local area, a and b

denote the pixels in that area. fGλ
a represents the mean value

of the feature for each group related to band λ at pixel a, and
Y is the pixel value of the corresponding ground truth of the
HSI. ↑ is upsampling operation. When implementing EPC,
we stop the gradient propagation of the decoder (as shown
in Figure 2).

Image Structural Prior Constraint (SPC). To explore

Figure 5: Relative log amplitudes of Fourier in feature maps
from Encoder 1 and Decoder 2.

the reasons for the loss of structural information, we fur-
ther visualize the frequency distribution of features in the

encoder and decoder. Figure 5 shows that there is a signifi-
cant loss of high-frequency signals in the decoder features,
which leads to over-smooth reconstruction results. There-
fore, we introduce a structural prior to constrain the learning
of high-frequency signals in the decoder features:

LS =

C/|G|∑
λ=0

∑
a,b∈N

∥∥∥∣∣∣∇(
fGλ
a ↑

)
−∇

(
fGλ

b ↑
)∣∣∣

−
∣∣∣∇(

Y λ
a

)
−∇

(
Y λ
b

)∣∣∣∥∥∥2
1
.

(15)

where ∇ (·) is gradient operation. In contrast to EPC, when
implementing SPC, we enhance the representation of edge
in the decoder by stopping the gradient propagation of the
encoder.

Loss Function
In this paper, we use L1 loss to optimize the reconstructed
HSI at the pixel level:

L1 =
1

H ×W × C

∑
i=0

∣∣∣Ŷ (i)− Y (i)
∣∣∣ , (16)

where Ŷ (i) represents the predicted value for pixel i, and
Y (i) is its corresponding ground truth. In addition to L1, we
also integrate LM throughout the entire training process:

Lrec = L1 + LM. (17)

At different training stages, we introduce LE and LS to
guide feature generation. The details will be described in the
Experiments section.

Experiments
Baseline Methods
To demonstrate the effectiveness of Sp3ctralMamba, we
compared the performance of our method with several state-
of-the-art (SOTA) methods, including TSA-Net (Meng, Ma,
and Yuan 2020), GAP-net (Meng, Jalali, and Yuan 2020),
MST-L (Cai et al. 2022b), MST++ (Cai et al. 2022c), CST-
L (Cai et al. 2022a), DAUHST-9stg (Cai et al. 2022d),
PADUT-12stg (Li et al. 2023), SST-LPlus (Cai et al. 2023),
and SPECAT (Yao et al. 2024).

Implementation Details
We implemented Sp3ctralMamba on a PC with a single
NVIDIA RTX 4090 GPU, and we built our network in the
PyTorch framework, training it with the Adam (Kingma and
Ba 2014) optimizer for 300 epochs. The learning rate was
set to 4× 10−4 and the batch size was set to 4.

In the initial 200 epochs, we used the reconstruction loss
Lrec to optimize the predicted results. In the next 50 epochs,
we stopped updating the decoder’s gradients and introduced
the energy prior LE to enhance the encoder’s representation
of overall pixel intensity. In the final 50 epochs, we did the
opposite and introduced the structure prior LS to enhance
the decoder’s representation of edge details.
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Methods Params. GFLOPs. Scene1 Scene2 Scene3 Scene4 Scene5 Scene6 Scene7 Scene8 Scene9 Scene10 Avg

TSA-Net 44.2M 135.1 32.30
0.936

31.26
0.906

28.53
0.875

36.36
0.931

30.37
0.937

33.06
0.950

31.04
0.981

30.88
0.924

28.99
0.872

32.62
0.947

31.54
0.917

GAP-net 4.26M 84.5 34.30
0.942

31.59
0.893

28.48
0.831

36.62
0.909

32.74
0.923

34.30
0.921

31.76
0.877

31.52
0.906

30.01
0.867

33.45
0.948

32.48
0.901

MST-L 2.03M 28.5 36.55
0.963

36.29
0.953

33.46
0.904

39.78
0.951

35.40
0.964

36.10
0.963

34.53
0.924

33.08
0.945

34.38
0.926

35.19
0.966

35.48
0.946

MST++ 1.34M 19.6 36.65
0.960

37.14
0.963

34.84
0.936

38.94
0.959

36.44
0.968

36.96
0.969

35.37
0.940

34.27
0.953

34.58
0.941

35.08
0.974

36.03
0.956

CST-L 3.00M 40.1 36.98
0.963

38.34
0.963

35.89
0.939

40.98
0.951

36.19
0.967

37.23
0.957

37.75
0.944

34.64
0.946

36.41
0.946

35.93
0.961

36.83
0.954

DAUHST-9stg 6.15M 79.5 38.37
0.972

39.91
0.977

37.71
0.965

42.97
0.967

37.69
0.980

39.05
0.974

37.62
0.964

36.11
0.965

38.45
0.971

37.39
0.976

38.53
0.971

PADUT-12stg 5.38M 90.5 38.42
0.974

40.34
0.983

38.95
0.972

43.50
0.977

38.22
0.983

39.16
0.979

38.21
0.971

36.03
0.969

39.45
0.979

37.30
0.981

38.96
0.977

SST-LPlus 9.71M 162.1 39.49
0.977

40.64
0.978

39.92
0.970

42.79
0.976

38.78
0.980

39.34
0.976

38.21
0.968

36.53
0.966

39.47
0.971

36.17
0.970

39.13
0.973

SPECAT 0.29M 12.4 40.24
0.982

42.40
0.986

41.43
0.978

44.90
0.982

39.62
0.987

39.90
0.984

39.41
0.977

37.49
0.977

40.45
0.982

37.90
0.983

40.37
0.986

Ours 0.45M 64.65 40.66
0.989

43.22
0.992

42.17
0.988

45.64
0.990

40.75
0.993

41.70
0.991

39.88
0.986

37.94
0.988

41.43
0.986

38.71
0.989

41.21
0.989

Table 1: Comparison of Parameters, GFLOPs, PSNR and SSIM (upper and lower entry in each cell, respectively) of different
methods on 10 simulation scenes for optical filter-based HSI system. The best values are bolded.

Figure 6: Comparison of reconstruction results on two scenes in the real dataset.

Datasets

We conducted experiments on 28 spectral channels of both
simulated and real HSI datasets, with a wavelength range of
450 nm to 650 nm. For simulated data, we used two widely-
used hyperspectral datasets: CAVE (Park et al. 2007) and

KAIST (Choi et al. 2017). The CAVE dataset consists of 32
hyperspectral images with a spatial resolution of 512× 512
pixels. The KAIST dataset includes 30 hyperspectral images
with a spatial resolution of 2704 × 3376 pixels. Consistent
with the settings in TSA-Net (Meng, Ma, and Yuan 2020),
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we used the CAVE dataset as the training set and selected 10
scenes from KAIST as the testing set. The patch size during
training is 256 × 256. For real data, we used 5 real hyper-
spectral images obtained from the CASSI system developed
in TSA-Net as the testing set.

Metrics
The reconstruction quality of HSI on the simulated dataset
was evaluated using peak signal-to-noise ratio (PSNR) and
structural similarity index (SSIM). Since the real dataset did
not contain ground truth, we used RGB images as a refer-
ence for visual comparison.

Performance Comparison
Simulation Results. Table 1 shows the results on 10 sim-
ulated scenes on KAIST dataset. It can be observed that
our method achieved the best performance across all scenes,
proving the effectiveness of Sp3ctralMamba. The average
PSNR and average SSIM of our method achieved 41.21
dB and 0.989, outperforming the second-best results by 0.8
dB and 0.003, respectively. Additionally, it can be observed
that Sp3ctralMamba achieved optimal reconstruction results
without requiring excessive parameters and GFLOPs, indi-
cating that we have made a good tradeoff between perfor-
mance and computational resources.

Results of CASSI System. To evaluate the effectiveness
of our method on real dataset, we further conducted tests on
five actual 2D measurements captured by the CASSI system.
Figure 6 shows the reconstruction results of all methods on
two real scenes. As shown in Figure 6, most methods fail to
reconstruct fine structures, but in contrast, Sp3ctralMamba
demonstrated a strong advantage. In the first scene, for the
spikes on the surface of the plant on the right, our method is
able to better preserve the texture details. Similarly, for the
face in the second scene, our method also better eliminates
the structural shift caused by the compression process of the
CASSI system (the black horizontal line between the two
eyes).

Ablation Studies
The joint state space model S3Mamba (S3MAB), and
Physics Priors Constraint Module (PPCM) are two key mod-
ules of our network, we conducted a series of ablation exper-
iments on the simulated dataset to demonstrate their effec-
tiveness and necessity.

S3Mamba (S3MAB). As shown in Table 2, we explored
the impact of different scanning schemes by conducting ab-
lation studies on S3MAB. For experiment (I), we replaced
LSSM and FSSM with NLSSM and found that a single
vanilla scan caused a significant decrease in all metrics. For
experiments (II) and (III), we sequentially replaced FSSM
and LSSM with NLSSM, and compared to the results of
experiment (I), the PSNR increased by 1.3dB and 1.7dB,
respectively. This is because NLSSM better facilitates the
modeling of local spatial correlations, and FSSM enhances
the representation of global image reflectance intensity and
spatial details by establishing order correlations in frequency
domain signals. The introduction of EPC helps improve the
PSNR by 0.7dB.

Config LSSM FSSM PSNR↑ SSIM↑
(I) 38.51 0.963
(II) ! 39.89 0.977
(III) ! 40.24 0.982
Ours ! ! 41.21 0.989

Table 2: Ablation studies about two scan schemes in
S3MAB. The best values are bolded.

Config IPCC EPC SPC PSNR↑ SSIM↑
(I) 39.42 0.974
(II) ! 39.90 0.977
(III) ! 40.21 0.984
(IV) ! 40.58 0.986
Ours ! ! ! 41.21 0.989

Table 3: Ablation studies about three priors on simulated
dataset. The best values are bolded.

Physics Priors Constraint Module (PPCM). Table 3
shows the impact on the network of three physics priors. For
experiment (I), we did not apply any physical constraints and
directly trained Sp3ctraMamba end-to-end for 300 epochs.
It is observed that, due to the powerful spatial modeling ca-
pability of the Mamba block, the network nearly achieves
SOTA reconstruction. For experiment (II), we introduced a
mask modulation mechanism to constrain the entire recon-
struction process, resulting in a 0.4dB increase in PSNR. For
experiment (III), we separately introduced EPC to constrain
the pixel intensity of encoded features during the last 100
epochs of training, aiming to prevent excessive information
loss in the encoding process. For experiment (IV), we sepa-
rately introduced SPC to enhance the high-frequency signals
in the decoded features during the last 100 epochs of train-
ing. This helps increase the network’s PSNR by 1.1dB. It is
observed that SPC provided more gain to the reconstruction
results compared to EPC, indicating that the loss of struc-
tural information is a key factor affecting the performance
of HSI reconstruction.

Conclusion

In this paper, we propose a novel joint SSM network named
Sp3ctralMamba for HSI reconstruction. The implicit atten-
tion mechanism in the Mamba block is used to raise the
performance ceiling for HSI reconstruction. A novel spiral
scanning scheme in the frequency domain is designed in
Sp3ctralMamba to establish order correlations between dif-
ferent signals. Furthermore, Sp3ctralMamba constrains the
validity of the reconstruction process and enhances the net-
work’s representation of spectral and spatial details by intro-
ducing three different physical priors. Experimental results
reveal that Sp3ctralMamba surpasses the performance of the
SOTA HSI reconstruction methods.
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