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Abstract
Hyperspectral image (HSI) denoising relies on exploiting the multiway correlations hidden in the clean signals to discriminate
between the randomness of measurement noise. This paper proposes a self-supervised model that has a three-layer algorith-
mic hierarchy to iteratively quest for the tensor decomposition based representation of the underlying HSI. The outer layer
takes advantage of the non-local similarity of HSI via a simple but effective k-means++ algorithm to explore the patch-level
correlation and yields clusters of patches with similar tensor ranks. The middle and inner layers consist of a Bayesian Non-
parametric tensor decomposition framework. The middle one employs a multiplicative Gamma process prior for the low rank
tensor decomposition, and a Gaussian-Wishart prior for a more flexible exploration of the correlations among the latent factor
matrices. The inner layer is responsible for the finer regression of the residual multiway correlations leaked from the upper two
layers. Our scheme also provides a principled and automatic solution to several practical HSI denoising factors, such as the
noise level, the model complexity and the regularization weights. Extensive experiments validate that our method outperforms
state-of-the-art methods on a series of HSI denoising metrics.

CCS Concepts
• Computing methodologies → Image processing;

1. Introduction

Hyperspectral image (HSI) consisting of images of multiple wave-
lengths of the same scene, has wide applications, such as land
cover classification [AOM14], remote sensing [OBP∗23], agricul-
ture [MLMLC∗17], computer vision tasks related to HSI, including
unmixing [FLW∗22], super-resolution [WWB∗23], object tracking
and so on. During the simultaneous acquisition of different spectral
images, the existing hyperspectral imaging methods often suffer
from the problem of low signal-to-noise ratio, due to shorter ex-
posure time and narrower bandwidth. Since hyperspectral images
are often contaminated by serious noise, it is essential to develop
software based denoising techniques to support HSI related appli-
cations.

There are mainly two categories of approaches for HSI denois-
ing, including the 2D extended approach and the tensor-based ap-
proach. 2D image denoising has been researched for decades and
a large number of researches have been proposed on this problem,
such as K-SVD [AEB06] and BM3D [DFKE07]. When dealing
with HSIs, traditional denoising methods usually tile the spectral
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channels in the spatial dimensions, which neglect the intrinsic 3D
spectral-spatial structure, and thus lead to performance degrada-
tions. Based on BM3D, BM4D [MKEF13] takes the small local
patches of the image into consideration. By exploiting the 3D non-
local similarity of HSIs to remove noise in similar HSI 3D cubes
collaboratively, BM4D achieves the state-of-the-art performance in
2D image denoising approaches.

3D HSI denoising approaches are based on two well known ten-
sor decomposition methods, CP (CANDECOMP/PARAFAC) de-
composition and Tucker decomposition. Renard [RBBT08] pre-
sented a low-rank tensor approximation (LRTA) method by em-
ploying the Tucker decomposition to obtain the low-rank approx-
imation of the input HSI. Liu [LBF12] designed the PARAFAC
method by utilizing the CP decomposition. The advantage of the
both methods is that they take the correlation over different bands
in HSI into consideration, and tried to eliminate the spectral redun-
dancy of HSI. However, they have not utilized the nonlocal simi-
larity property of HSI, and their performance may be sensitive to
noise variance and types. Yi Peng [PMX∗14] proposed the method
of Nonlocal Tensor Dictionary Learning by Tucker decomposition.
Furthermore, Gong [GCC20], Dian [DLF∗20], Li [LCG∗24],Wang
[WNZ∗22] and Xu [XWCW19] proposed solutions based on non-
local similarity and tensor decompostion, however, complex op-
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Figure 1: The proposed IBNP-CPD framework consists of an outer NARMA model and an inner BNP-CPD model. NARMA performs HSI
patch classification to exploit the non-local similarity and recursively refines the reconstruction. BNP-CPD employs MGP and Gaussian-
Wishart hyperpriors to automatically and flexiblely quest for the multiway correlation hidden in the tensors.

timization algorithms are required, and some parameters must be
predetermined manually.

Proper parameter selection is critical for HSI denoising
algorithms to achieve good performance. Gong [GCC20] as-
sumed that the noise variance was known a priori while the
noise variance may be unknown in many applications; Yi
Peng [PMX∗14] briefly calculated the rank parameters by applying
the Akaike Information Criterion/Minimum Description Length
(AIC/MDL) method which were important to the quality of
dictionary learning but not easy to set them to appropriate values.
Zhou [ZCP∗12] proposed a Bayesian nonparametric dictionary
learning algorithm based on truncated beta Bernoulli process,
which solved the problem of parameter selection in dictionary
learning effectively. Ju [JSG∗16] utilized it to tensor dimensions
and performed well in video reconstruction. Chen [CCZ∗18]
proposed a Bayesian tensor decomposition approach with
Gaussian-Wishart prior for spatiotemporal traffic data imputation.
A further step towards Bayesian models with automatic parameter
selection was taken by Ye [YWJ∗23], developing a model that can
infer the latent CP rank of HSI tensor adaptively without tuning
parameters.

Witnessing the success of deep learning (DL) in a wide range
of applications, some DL-based denoising methods for HSIs have
been proposed with DL. Particularly, deep residual network was
presented for image classification and showed significant perfor-
mance [MAU∗24]. Residual network (ResNet) is an extension of
the convolutional neural network. It has jump connections, which
facilitates the propagation of gradients, and has strong robust-
ness and deep architecture [LMF19]. The biggest difference of the
ResNet is that it uses a residual block and adds short connections in
the convolutional layer, which can obtain more sufficient features
equivalently [ZLM∗17]. Inspired by ResNet, we attempt to capture
more structural details of HSI by residual processing.

Among self-supervised techniques, one notable category con-
sists of methods based on untrained neural networks [SH19]. These
methods, which hold significant potential for image restoration,

benefit from the powerful representational abilities of neural net-
works while eliminating the need for additional training data.
Ulyanov et al. [UVL18]were the first to extend untrained neu-
ral networks from RGB images to hyperspectral images (HSIs),
proposing a self-supervised HSI restoration framework. Later, Luo
et al. [LZJ∗21] introduced a spatio-spectral constrained untrained
neural network. A key limitation of these methods is their suscep-
tibility to error accumulation, a common issue in iterative proce-
dures, making them especially sensitive to heavily degraded HSIs
with substantial noise. Although Deep Learning-Based DDS2M
[MZZT23] is also a multi-step generation process, it does not suf-
fer from such accumulated errors. Similarly, our method also avoids
this accumulation of errors.

In summary, we propose the Bayesian Nonparametric tensor de-
composition for the task of HSI denoising and the main contribu-
tions are as follows:

• We propose a Bayesian nonparametric CP decomposition (BNP-
CPD) method that can jointly infer the tensor rank, noise vari-
ance and latent factor matrices in a principled way, which com-
petes with current deep learning based self-supervised HSI de-
noising methods.

• We introduce Gaussian-Wishart priors over the tensor decompo-
sition (TD) factor matrices, which allows for more flexible ex-
ploration of the correlations among factors. Extensive numerical
experiments validate that oblique factors do benefit the spectral
fidelity.

• We further propose the Iterative Bayesian Nonparametric CP
Decomposition (IBNP-CPD) framework to exploit the nonlo-
cal self-similarity across space and the global correlation across
spectrum, which gradually captures the intrinsic multiway cor-
relations hidden in the HSl in a recursive restoration manner.
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Figure 2: The denoising results of all methods above on eve_0331-1647 in ICVL with σ = 0.2.

Figure 3: The denoising results of all methods on glass_tiles in CAVE with σ = 0.3.

2. Notations and Preliminaries

Throughout the paper, scalars, vectors, matrices and tensors are de-
noted by italic letters, bold lower case letters, upper case letters and
calligraphic upper case letters, respectively.

2.1. Tensor Notations

A tensor of order K can be denoted as A∈RI1×I2×...IK , whose ele-
ment (i1, i2, ..., iK) of tensor A is denoted as Ai1i2...iK . The tensor A
can be unfolded into a matrix Ak ∈ RIk×(I1×...Ik−1×Ik+1···×IK) along
the k-th mode, which is called the mode-k (k = 1, ...,K) flattening
matrix of the tensor A .

2.2. CP Decomposition

The CP [KB09] decomposition decomposes a tensor into a sum
of rank-one tensors. An order K tensor Y ∈ RI1×I2×···×IK can be

represented by the CP decomposition as

Ŷ =
R

∑
r=1

λruuu1
r ◦uuu2

r ◦ · · · ◦uuuK
r (1)

where uuuk
r ∈ RIk ,k ∈ {1,2, . . . ,K} and ◦ denotes the vector outer

product. λR is recognized as the tensor rank which controls the
model complexity.

Uk = [uuuk
1,uuu

k
2, ...,uuu

k
R]the Ik ×R factor matrix of the k-th mode of

the tensor Y , where uk
ikr is the element at (ik,r) in the factor matrix

Uk. Denote iii = (i1, i2, . . . , iK), then for each element yiii, Eq. (1) can
be rewritten as

ŷiii =
R

∑
r=1

λr

K

∏
k=1

uuuk
ikr (2)

Eq. (2) tells the fact that the element yiii is determined by the set of
row vectors uk

ik , which is the ik-th row of the k-th factor matrix Uk,
for k = 1, . . . ,K.
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Algorithm 1.HSI Denoising
Input: Noisy HSI H
For n=0 : N

update Hn = αnĤn−1 +(1−αn)H0,α0 = 0,αn = 0.8,
for n = 1, . . . ,N.
Cluster: Clustering full-band patches into C clusters
by K-means++, clusters are denoted by Y = {Yc}Cc=1.
For cluster=1 : C

Initialization: Set µµµ0 = 0 ,β0, W0 (identity matrix),
v0 = R (CP rank), initialize Uk with random values,
a0 = 1,b0 = 1,ac = 3.
For t=1 : maxiter

For k=1:K
Update τr and µr via Eqs.(19) and (20).
Sample λr ∼ N(µr,τr

−1) via Eq. (18).
Update Wk

0 and vk
0 via Eqs.(23) and (24).

Sample Λ
k ∼Wishart(W k

0 ,v
k
0) via Eq.(22).

Sample µµµk ∼ N(µµµk,(Λk)−1) via Eq. (22).
For ik =1 : Ik

Sample uuuk
ik ∼ N(µµµk

ik ,(Λ
k
ik )

−1) via Eq. (31).
End for

End for
Update a0 and b0.
Sample τϵ ∼ Gamma(a0,b0) via Eq. (35).

End for
Obtain clean FBP cluster Ŷ .

End for
End for
Output: Denoised HSI Ĥ.

2.3. Basics of Variational Bayesian Inference

Variational Bayesian inference (VBI) is an approximation tech-
nique widely used in Bayesian estimation and machine learning.
Given a probabilistic model p(Y,Θ) in which Y and Θ denote the
observed data and the hidden variables, respectively. The task is
to search for the posterior distribution p(Θ|Y) and then infer the
model parameter Θ. To circumvent the computational burden of
the involved multiple integration, the wisdom of VBI is to search
for a probability density function q(Θ):

min
q(Θ)

KL(q(Θ)) || p(Θ|Y)

≜−Eq

{
ln

p(Θ|Y)

qΘ

} (3)

KL(q||p) =−
∫

q(Θ) ln
p(Θ|Y)

q(Θ)
dΘ (4)

where KL(q(Θ)) || p(Θ|Y) is the Kullback-Leibler divergence be-
tween p(Θ|Y) and q(Θ).

Assuming q(Θ) is factorizable, q(Θ) = ∏s=1:S q(Θs) over the
mutually disjoint non-empty subsets Θs(i.e., ∪S

s=1Θs = Θ and
∩S

s=1Θs = ∅). Then for each Θs, the optimal approximation be-

comes

qs(Θs) =
e⟨ln p(Y ,Θ)⟩{i̸=s}∫

e⟨ln p(Y ,Θ)⟩{i̸=s}dΘs
(5)

where ⟨·⟩i ̸=s denotes the expectation with respect to the distribu-
tions qi(Θi) for all s ̸= i.

3. Proposed Method

The HSI can be viewed as a 3D tensor. Given the additive Gaussian
noise, the noisy observation H can be described as

H = X +E (6)

where X is the unknown clean HSI, and E ∼ N
(

0,τ−1
ϵ

)
is the

additive noise with unknown precision τϵ. H ∈ RH×W×B where
H,W,B represent the two spatial and one spectral resolutions of
the HSI.

Our framework, as shown in Fig. 1, can be regarded as a non-
linear autoregressive moving average (NARMA) model of order 1.
The recursive restoration manner can be formulated as follows,

Ĥn = f (αnĤn−1 +(1−αn)H0) (7)

where f : RI1×I2×···×IK 7→ RI1×I2×···×IK is a nonlinear mapping
that is implemented via the embedded BNP-CPD model and the
k-means++ [AV07] classification and grouping manipulations. Ĥn
is the denoised output of the NARMA model at time n, and H0
is the observed noisy input at time 0. α0 = 0,αn ∈ (0,1), for
n = 1, . . . ,N, are the weights. Since the noise in Ĥn−1 is supposed
suppressed compared with H0, the updated input in Eq. (7) will
have higher SNR such that BNP-CPD is capable of the incremental
recovery of some subtle structures which could have been over-
whelmed by heavier noise in the previous iteration.

At each iteration, the updated input HSI is cut into over-lapped
3D patches and classified into C groups using K-means++. Since
CP decomposition assumes a common rank for all factor matri-
ces, we collapse the two spatial dimensions into one dimension
and assemble each group of HSI patches into a third order ten-
sor Yc,1 ≤ c ≤ C with modes (spatial, spectral, patch). Such a
treatment can effectively exploit the non-local similarity and at the
meanwhile prepare tensors with approximately balanced dimen-
sions as well as ranks. Then the new tensors at round n will be
sequentially fed into the inner BNP-CPD model.

4. BNP-CPD Model

4.1. Low-Rank and Oblique Factor Hyperpriors

4.1.1. The MGP hyperprior

As tensor rank estimation is an NP-hard and ill-posed prob-
lem, probabilistic TD methods usually deal with this difficulty
by placing sparsity-inducing priors directly over the factor matri-
ces [ZZC15,CCS∗20]. However, sparsity does not necessarily lead
to low-rankness of factor matrices, at least not until the algorithm
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iterations arrive at the highly peaked prior distributions. The CP de-
composition in Eq. (1) implies that driving the weights {λr}R

r=1 to-
wards zero can effectively result in low-rank approximation. There-
fore, we employ the MGP hyperprior [RWG∗14] over {λ}R

r=1 to
constrain the number of effective factors in each Uk. The MGP
prior is described as:

λr ∼ N
(

0,τ−1
r

)
, 1 ≤ r ≤ R (8)

τr =
r

∏
l=1

δl , δl ∼ Gamma(ac,1) ac > 1 (9)

In practice, one can set a large truncation level R (up to
max{Ik}K

k=1), and the MGP will shrink λr towards zero as r in-
creases. Consequently, the leading columns in each Uk will cor-
respond to factors that have high contribution to the latent tensor.
In this way, we implement the nonparametric characteristic of our
BNP-CPD model.

4.1.2. The Gaussian-Wishart Hyperprior

Eq. (2) tells the fact that the element yi is determined by the row
vector dependence, which inspires us that the covariance of the row
vector uuuk

ik should be taken into consideration for better exploration
of the multiway correlations. Different from [RWG∗14] which as-
sumes the columns of factor matrices are independent to each other,
we take the row vectors as the basic inference elements and employ
the following multivariate Gaussian priors for them:

uuuk
ik ∼ N

(
µµµk,

(
Λ

k
)−1

)
(10)

where µµµk ∈ RR is the mean vector and Λ
k ∈ RR×R is the non-

diagonal covariance matrix.

To further enhance the flexibility of our model, we utilize conju-
gate Gaussian-Wishart priors for the parameters µµµk and Λ

k. Wishart
distribution is a generalization of the multivariate Chi-Square dis-
tribution. Therefore, it can be used to describe the covariance ma-
trix of multivariate normal distributions. This means we can cap-
ture the correlations among the factors in Uk in a computationally
tractable row-by-row manner, which will improve the robustness of
the model under complex noises. The hyper-prior on µµµk and Λ

k are
defined as follows(

µµµk,Λk
)
∼ Gaussian−Wishart (µµµ0,β0,W0,v0) (11)

p
(

µµµk,Λk | −
)
∼ N

(
µµµk | µµµ0,

(
β0Λ

k
)−1

)
×Wishart

(
Λ

k | W0,v0

) (12)

The Wishart distribution with v0 degrees of freedom and a r× r
scale matrix W0 which is usually called the scaling matrix reads

Wishart
(

Λ
k | W0,v0

)
=

1
C

∣∣∣Λk
∣∣∣ v0−R−1

2

exp
{
−1

2
tr
(

W−1
0 Λ

k
)} (13)

where C = 2v0R/2
ΓR (v0/2) |Λ|ν0/2, tr(·) is the trace of the matrix.

In addition to automatic inference of the tensor rank, employing a
Bayesian model allows for convenient estimation of the noise vari-
ance from data. According to Eq. (6), we place a non-informative
conjugate Gamma prior over the noise precision τϵ to improve the
robustness of the model.

τϵ ∼ Gamma(a0,b0) (14)

where a0 is called the shape parameter and b0 is called the inverse
scale parameter in a Gamma distribution.

4.2. Likelihood of CP Decomposition

Thereafter, for convenience we omit the tensor index c in the sub-
script of Yc,1≤ c≤C. Accordingto Eq. (1), the likelihood fucntion
of Y in the probabilistic CP decomposition model is given by:

p(Y|
{

Uk
}K

k=1
,{λr}R

r=1 ,τϵ)

∝ exp(− τϵ

2

∥∥∥Y −∑
R
r=1λruuu1

r ◦uuu2
r ◦ · · · ◦uuuK

r

∥∥∥2

F
)

(15)

We assume that Y is corrupted by E with each element hav-
ing power 1√

τϵ
. According to Eq. (2), then for iii = (i1, i2, . . . , ik),

yiii ∼ N(ŷiii,τ
−1
ϵ ), the Eq. (15) can be rewritten as:

p(yiii|
{

Uk
}K

k=1
,{λr}R

r=1 ,τϵ)∝ exp(− τϵ

2
(yiii − ŷiii)

2) (16)

where ŷi is specified in Eq. (2).

5. Gibbs Sampling

Gibbs sampling is a widely used MCMC algorithm for Bayesian
posterior inference [SM08].Since we employ conjugate priors for
parameters and hyper-parameters, the posterior distributions for all
parameters can be derived analytically. Based on the VBI principle,
Gibbs sampling can be used to solve the BNP-CPD model. In every
iteration, each parameter is sequentially updated via sampling from
its posterior distribution keeping all other parameters fixed.

5.1. Sampling λr

For the update of λr,1 ≤ r ≤ R,

ŷiii = (
K

∏
k=1

uuuk
ikr)λr +( ∑

r′ ̸=r

λr′
K

∏
k=1

uuuk
ikr′ )

= ar
iii λr +br

iii

(17)

p(λr|Y,Uk,τϵ)∝ N(λr|µ̂r, τ̂
−1
r ),1 ≤ k ≤ K (18)

where

τ̂r = τr + τϵ∑
iii
(ar

iii )
2 (19)

and

µ̂r = τ̂
−1
r τϵ∑

iii
ar

iii (yiii −br
iii ). (20)
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5.2. Sampling µµµk and Λ
k for 1 ≤ k ≤ K

The likelihood of the factor matrix Uk can be factorized into the
product of conditional distributions of Ik individual vectors:

L(Uk|µµµk,Λk)

∝
∣∣∣Λk

∣∣∣ Ik
2

Ik

∏
ik=1

exp
{
−1

2
(uuuk

ik −µµµk)T
Λ

k(uuuk
ik −µµµk)

} (21)

Given the likelihood term above and the Gaussian-Wishart
hyper-prior, we can factorize the joint posterior distribution for
hyper-parameters µµµk and Λ

k as follows:

p(µµµk,Λk|Uk,µµµ0,W0,ν0,β0)

∝ L(Uk|µµµk,Λk)×N(µµµk|µµµ0,(β0Λ
k)−1)

×Wishart(Λk|W0,ν0)

∝ N(µµµk|µ̂µµk,(Λ̂k)−1)×Wishart(Λk|Ŵ k
0 , ν̂

k
0)

(22)

where the parameters in these two distributions can be computed
by:

Ŵ k
0 =

(
IkSk +

Ikβ0
Ik +β0

(ūuuk −µµµ0)(ūuu
k −µµµ0)

T +W−1
0

)−1
(23)

ν̂
k
0 = Ik +ν0 (24)

µ̂µµk =
1

Ik +β0
(Ikūuuk +β0µµµ0) (25)

Λ̂
k = (Ik +β0)Λ

k (26)

where ūk and Sk are two statistics defined as below:

ūuuk =
1
Ik

Ik

∑
ik=1

uuuk
ik , (27)

Sk =
1
Ik

Ik

∑
ik=1

(uuuk
ik − ūuuk)(uuuk

ik − ūuuk)T (28)

5.3. Sampling factor matrices Uk for 1 ≤ k, j ≤ K

The factor matrix Uk is updated by sampling all uuuk
ik ∈ Rr(1 ≤ ik ≤

Ik) one by one. The likelihood can be written as

L(Y|uuuk
ik ,U

{ j ̸=k},τϵ)

∝
I{ j ̸=k}

∏
i{ j ̸=k}=1

exp
{
− τϵ

2
(yiii − ŷiii)

2
}

= exp

− τϵ

2

I{ j ̸=k}

∑
i{ j ̸=k}=1

(yiii − (uuu j
i j
)T Ha(uuuk

ik ))
2


(29)

Ha(uuuk
ik ) = (uuu1

i1 ⊛ · · ·⊛uuu j−1
i j−1

⊛uuu j+1
i j+1

⊛ · · ·⊛uuuK
iK ) (30)

where the symbol ⊛ represents the Hadamard product. Combining
Eqs.(12) and (29), the posterior distribution can be written as:

p(uuuk
ik |Y,U{ j ̸=k},τϵ,µµµk,Λk)

∝ L(Y|uuuk
ik ,U

{ j ̸=k},τϵ)×N(uuuk
ik |µµµ

k,(Λk)−1)

∝ N(uuuk
ik |µ̂µµ

k
ik ,(Λ̂

k
ik )

−1)

(31)

where

Λ̂
k
ik = τϵ

I{ j ̸=k}

∑
i{ j ̸=k}=1

Ha(uuuk
ik )Ha(uuuk

ik )
T +Λ

k (32)

µ̂µµk
ik = (Λ̂k

ik )
−1(τϵ

I{ j ̸=k}

∑
i{ j ̸=k}=1

yiHa(uuuk
ik )+Λ

kµµµk). (33)

5.4. Sampling precision τϵ for 1 ≤ k ≤ K

The likelihood of all observations is given by

L
(
Y|

{
Uk

}K

k=1
,τϵ

)
∝ ∏iii τ

1/2
ϵ exp

{
− τϵ

2 (yiii − ŷiii)
2
}

(34)

Combining the above likelihood term and the prior term in Eq.
(14) will give the posterior of τϵ, which is also a Gamma distribu-
tion parameterized by â0 and b̂0:

p(τϵ|Y,
{

Uk
}K

k=1
,a0,b0)

∝ L
(
Y|

{
Uk

}K

k=1
,τϵ

)
×Gamma(τϵ|a0,b0)

∝ Gamma(τϵ|â0, b̂0)

(35)

where â0 =
1
2 ∏

K
k=1 Ik +a0 and b̂0 =

1
2 ∑iii(yiii − ŷiii)

2 +b0.

6. Experiments and analysis

6.1. HSI datasets

We utilize two HSI datasets, the CAVE dataset and the ICVL
dataset to evaluate the denoising performance of the proposed al-
gorithm. The CAVE dataset contains 32 scenes, each with spatial
resolution 512×512 and spectral resolution 31 which includes full
spectral resolution reflectance data from 400nm to 700nm. The
ICVL dataset includes 201 scenes and each has spatial resolution
1300× 1392 and the spectral resolution has been downsampled to
31 spectral channels from 400nm to 700nm. Each of these HSIs
is scaled into the interval [0,1] in our experiments. Due to com-
putational constraints, HSIs in ICVL dataset are further spatially
downsampled to 696 × 650. With these clean HSls, we generate
additive noise to evaluate the denoising performance of the pro-
posed method.

6.2. Comparison methods

We compare our method with the following denoising methods:
BM3D [DFKE07], LRTA [RBBT08], BM4D [MKEF13], TDL
[PMX∗14], LLRT [CYZ17], BCTF [WF19], LTDL [GCC20],
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Figure 4: Illustrations of NARMA residuals. The residuals after the first round still contain subtle structures, while the second round
refinement removes much of these textures.

Figure 5: The estimates of the noise precision τϵ during 100 itera-
tions. We draw the results from four HSI patch groups (10-th,100-
th, 200-th, 300-th) of eve_0331-1647 with σ = 0.2 after clustering.
Since τϵ =

1
σ2 , the estimated noise variance by BNP-CPD is close

to the true value.

HSID-CNN [YZL∗19], DSSRL [DWW∗19] and the diffusion-
based DDS2M [MZZT23]. Most parameters in the compared meth-
ods are selected as suggested in the reference or defaults in their
published codes.

As for our parameters setting, the HSI patch size is 6× 6× 31,
with a spatial step size 4. And the number of K-means++ clusters is
one hundredth of the total patches. As for the CP rank, we only need
to provide an estimation of the upper bound of the tensor rank, and
here we set R = 18. Other initializations of parameters are given
in Algorithm 1. We found that the NARMA iterations beyond 3
will bring minute marginal improvement so we report two rounds
results of NARMA, dubbed Ours-1 and Ours-2 in this section.

6.3. Evaluation metrics

We evaluate performance of all methods by five quantitative picture
quality indices (PQI), including peak signal-to-noise ratio (PSNR),
structure similarity (SSIM), feature similarity (FSIM), dimension-
less global relative error of synthesis (ERGAS) and spectral angle
mapper (SAM). The better denoising performance of a method can
be indicated by high PSNR, SSIM or FSIM and low SAM or ER-

Figure 6: The denoising results of DDS2M and Ours on paints in
CAVE with σ=0.2

GAS. PSNR and SSIM are usually used in image processing and
computer vision. They evaluate the spatial similarity and structure
similarity between the target image and the reference image, but as
for HSI, the indices SAM and ERGAS which can evaluate spec-
tral similarity between two images is as important as above three
indices.

6.4. Performance evaluation

We generate Gaussian noise with σ = {0.1,0.2,0.3}, and generate
Gaussian noise with σ = 0.1 and salt-and-pepper noise with an in-
tensity of 0.05. For each noise setting, all of the five PQI average
values for each method on the CAVE dataset and ICVL dataset are
recorded in Table 1 and Table 2. It can be observed that the pro-
posed method almost outperforms all the competing methods for
the five different PQI. It is worth mentioning that Ours-1 is per-
formed without making use of the residual refinement although the
performance is not so outstanding, it still does better than the first
three methods and the deep learning methods in Table1. Based on
Ours-1, Ours-2 further extracts the features in the residuals and
achieves the average PSNR improvement about 0.5dB ∼ 1.3dB.
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Noisy
HSI

LRTA BM4D TDL LLRT LTDL BCTF HSID-
CNN

DSSRL DDS2M Ours-1 Ours-2

σ = 0.1
PSNR↑ 20.000 37.249 38.819 39.506 41.777 41.607 41.659 34.108 39.257 41.521 41.228 41.734
SSIM↑ 0.141 0.901 0.935 0.945 0.965 0.964 0.964 0.850 0.940 0.967 0.961 0.968
FSIM↑ 0.750 0.965 0.969 0.979 0.984 0.986 0.986 0.936 0.971 0.949 0.987 0.989
ERGAS↓ 575.046 73.061 61.286 55.803 44.391 44.288 43.653 126.901 56.792 36.102 45.127 43.040
SAM↓ 0.836 0.122 0.149 0.113 0.066 0.068 0.074 0.190 0.089 0.098 0.102 0.066

σ = 0.2
PSNR↑ 13.980 33.924 35.134 35.644 38.074 38.007 38.332 30.801 34.400 35.172 37.318 38.44
SSIM↑ 0.045 0.836 0.867 0.877 0.933 0.931 0.929 0.741 0.849 0.853 0.912 0.937
FSIM↑ 0.561 0.928 0.935 0.949 0.967 0.970 0.972 0.876 0.934 0.841 0.970 0.975
ERGAS↓ 1150 107.620 95.317 87.171 73.152 66.808 63.894 226.219 100.287 76.40 71.122 62.886
SAM↓ 1.064 0.145 0.228 0.187 0.096 0.090 0.104 0.2879 0.150 0.199 0.165 0.090

σ = 0.3
PSNR↑ 10.457 32.048 32.956 33.086 36.199 35.992 36.326 28.566 30.830 32.951 34.884 36.421
SSIM↑ 0.021 0.791 0.802 0.798 0.908 0.905 0.895 0.690 0.715 0.766 0.856 0.909
FSIM↑ 0.450 0.899 0.904 0.914 0.951 0.956 0.959 0.862 0.895 0.776 0.953 0.961
ERGAS↓ 1725 133.853 124.300 117.829 93.871 84.208 80.438 331.928 154.808 105.95 94.309 79.212
SAM↓ 1.185 0.160 0.289 0.252 0.112 0.106 0.131 0.347 0.221 0.246 0.218 0.110

Table 1: The average denoising performance on CAVE and ICVL.

Noisy
HSI

LTDL LLRT BCTF Ours-2

PSNR↑ 15.765 28.274 19.302 28.635 28.673
SSIM↑ 0.090 0.721 0.182 0.735 0.737
FSIM↑ 0.480 0.961 0.757 0.950 0.964
ERGAS↓ 544.322 265.327 644.484 255.946 260.154

SAM↓ 0.572 0.213 0.595 0.219 0.221

Table 2: The average denoising performance under a combination
of Gaussian noise with σ = 0.1 and salt-and-pepper noise with an
intensity of 0.05.

Fig. 4 provides a visual inspection of the residuals in the first round
of NARMA, illustrating the effectiveness of this recursive manner
of restoration.

To visualize the denoising performance, we display two results
in Fig. 2 and Fig. 3, respectively. The color images are composed of
bands at 700 nm, 500 nm, and 450 nm of corresponding denoised
HSIs. Additionally, Fig. 6 shows the denoising results of diffusion-
based method DDS2M and our method. It can be observed that
the proposed methods introduce less blurry effect and recover more
texture details compared with other methods. Fig. 5 shows the noise
precision estimates in the Gibbs sampling process, validating that
our method can automatically estimate the noise variance from the
input data and thus meets real application requirements better.

Finally, we present some comments on the results of the two
deep learning based methods, HSID-CNN [YZL∗19] and DSSRL
[DWW∗19]. Both of the two methods rely on end-to-end training.

We used their published modules to test our samples with necessary
dimension adjustment. Not surprisingly, their performances are not
so competitive as in the original publications. But as the training
set of DSSRL includes the CAVE dataset, the drop of performance
is not so severe as HSID-CNN. We test SURE-CNN [VHUS20],
which is an unsupervised CNN trained based on the Stein’s unbi-
ased risk estimate. However, there are about 42% outputs of SURE-
CNN with PSNR less than 20dB, which is maybe due to the error
of estimates in the noise variance. Therefore, we did not include
its performance in Table 1. As shown in Fig. 6, we also test the
diffusion-based method DDS2M [MZZT23]. These trails suggest
that for the HSI denoising problem tensor-based methods are still
more capable of exploiting the latent multiway correlations in HSIs
in a direct and principled way.

6.5. Ablation experiments

Table 3 presents the results of the IBNP-CPD network with dif-
ferent module configurations. Excluding the recursive restoration
module significantly impacts HSI denoising performance. Specif-
ically, on the CAVE dataset with Gaussian noise of σ = 0.1, the
removal of the module results in a decline in all evaluation metrics.
PSNR drops from 41.31 to 41.25, SSIM from 0.9787 to 0.9779,
FSIM from 0.9792 to 0.9785, ERGAS from 36.90 to 37.14 (the
lower, the better), and SAM from 0.0758 to 0.0776 (the lower, the
better), highlighting the crucial role of local components in han-
dling highly noisy inputs.

7. Conclusion

The proposed IBNP-CPD denoising framework is characterized by
a recursive and hierarchical methodology that is capable of effec-
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Model PSNR↑ SSIM↑ FSIM↑ ERGAS↓ SAM↓
IBNP-CPD net 41.31 0.9787 0.9792 36.90 0.0758

w/o recursive restoration 41.25 0.9779 0.9785 37.14 0.0776

Table 3: Ablation study results on the important design elements
of IBNP-CPD net, The "w/o recursive restoration" implies IBNP-
CPD excluding the recursive restoration module.

tively seizing the multiway correlations in HSI, and by a principled
Bayesian nonparametric tensor decomposition model that employs
the multiplicative Gamma process and the Gaussian-Wishart hyper-
priors over the latent tensor factors. Experimental results show that
our performance significantly outperforms SOTA traditional meth-
ods and self-supervised deep learning.

In denoising tasks, Bayesian nonparametrics (BNP) offers clear
advantages over deep learning. It naturally quantifies uncertainty.
In contrast, deep learning denoising results are single-valued.
Moreover, BNP can assess the reliability of the denoising process.
Additionally, BNP performs effectively even with limited data and
prior knowledge, demonstrating strong adaptability-unlike deep
learning, which heavily relies on large datasets. In the future, BNP
and deep learning can be integrated into hybrid models, with deep
learning extracting features and BNP handling uncertainty and in-
corporating prior knowledge. Furthermore, BNP principles can be
embedded into deep learning architectures to enhance interpretabil-
ity and uncertainty quantification capabilities.
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