
NON-LOCAL SIMILARITY BASED TENSOR DECOMPOSITION FOR HYPERSPECTRAL
IMAGE DENOISING

Fan Xu1, Xiao Bai1, Jun Zhou2

1School of Computer Science and Engineering, Beihang University, Beijing, China
2School of Information and Communication Technology, Griffith University, Nathan, Australia

ABSTRACT

Compared to traditional color or grayscale images, hyper-
spectral image (HSI) can help deliver more faithful repre-
sentation of ground objects and enhance the performance of
many computer vision tasks. However, an HSI is often cor-
rupted by various noises, which has serious impact on the
subsequent processing. Considering the non-local similari-
ty across spatial domain and global similarity along spectral
domain, a novel denoising method based on tensor decompo-
sition is proposed in this paper. Firstly, 3D full band patch-
es extracted from the HSI are grouped to form a 4th-order
tensor by utilizing the non-local similarity in a proper win-
dow size. Then the task of hyperspectral image denoising is
transformed into a high order tensor approximation problem,
which can be efficiently solved by alternating optimization.
An iterative denoising strategy is adopted for better effect in
practice. Experimental results on simulated and real HSI data
show that the proposed algorithm outperforms several state-
of-the-art methods.

Index Terms— Hyperspectral Image, Denoising, Non-
local Similarity, Tensor Decomposition

1. INTRODUCTION

Hyperspectral image (HSI) can be thought as a set of 2D s-
patially organized pixels where each pixel contains an entire
spectral distribution over light wavelengths. Hyperspectral
image has led to numerous applications in remote sensing [1],
classification [2, 3] and detection [4, 5], and more. However,
conventional hyperspectral imaging suffers from issues such
as limited illumination in individual band and shorting sens-
ing time which introduce noises into the image processing.
Therefore, HSI denoising is a critical step to improve the qual-
ity of HSI.

Aiming at the aforementioned issues, we propose a nov-
el denoising method by considering both non-local similar-
ity across the spatial domain and global correlation among
the spectral domain. On one hand, a natural scene contains a
collection of similar local patches over the space, composing
of homologous aggregation of microstructures. On the other
hand, an HSI contains a large amount of spectral redundancy.

It means that images obtained over multiple bands are highly
correlated. And it has been extensively shown that such t-
wo kinds of prior knowledge are very helpful for various HSI
recovery problems [6–10].

Fig. 1. Overview of the proposed HSI denoising method.

In this paper, tensor decomposition based HSI denoising
technique is adopted in our model, which not only emphasizes
the similarity among non-local full band patches but also uti-
lizes the redundancy of spectral space. Specifically, we treat
each full band patch as a 3rd-order tensor with two spatial
modes and a spectral mode, and then build a 4th-order ten-
sor by stacking all these non-local similar full band patches
(shown at Fig.1). Then the denoising problem can be trans-
ferred into tensor recovery by utilizing the inherent spatial and
spectral correlation of the full band patch groups. We solve
the tensor recovery problem by implementing the alternative
optimization of tensor decomposition and then aggregate the



denoised 3D patches in the clean HSI iteratively.

2. RELATED WORKS

2D extended approach: Over the past several decades, many
2D image denoising methods have been developed, such as
NLM [11], K-SVD [12], and BM3D [13]. These methods can
be extended into HSI denoising problem by considering the
images located at different bands separately. The band-wised
method, however, ignores the intrinsic properties of HSI and
cannot achieve superior effect in normal conditions. Another
more reasonable extension is specifically designed for patch-
based image denoising methods, which takes the small local
patches into consideration. Instead of processing 2D patches
on traditional image, 3D denoising method can be develop-
ing by processing small 3D cubes on both spatial and spectral
domains. The 3D cube based approach is represented by a B-
M4D [14] method, which utilizes the 3D non-local similarity
of HSI to remove noises in similar 3D cubes collaborative-
ly. Nevertheless, these methods have not taken the property
of high correlation among spectral into account and still have
much room to improve.

Tensor based approach: An HSI can be regarded as a s-
tack of 2D gray images, which can be seen as a 3rd-order ten-
sor. Accordingly, the low-rank approximation (LRTA) [15]
utilizes the Tucker decomposition [16] of the input HSI. Li-
u et al. designed a PARAFAC [17, 18] method by employ-
ing parallel factor analysis. Though both approaches take the
correlation over different bands into consideration and try to
eliminate the spectral redundancy of HSIs, they ignore the
non-local similarity of the full band patches across the spatial
domain. Tensor based method is currently represented by ten-
sor dictionary learning (TDL) [19] which takes the HSI prop-
erties into account. However, clustering for full band patches
cannot make full use of the fine grained non-local similari-
ty structures, and still have not reached the full potential for
handling the denoising task.

3. HYPERSPECTRAL IMAGE DENOISING MODEL

A noise free HSI X degraded by additive zero mean Gaussian
noise can be modeled as Y = X +N , where N is the noise
with a known variance σ2 and zero mean. The ultimate goal
of denoising is to find a good estimate X̂ of clean HSIX from
noisy Y .

3.1. Non-local Similarity Patch Matching

General non-local similarity based denoising framework has
been widely applied in traditional image denoising. The sim-
ilar denoising model can be extended to HSI cases. Denote
nh, nw and ns as the height and width in the spatial dimension
and number of spectral band of an input HSI respectively, then
we can express the HSI as a 3rd-order tensorY ∈Rnh×nw×ns

with two spatial modes and one spectral mode. By sweeping
across the HSI with overlaps, we can build a group of 3D full
band patches {Pi,j}1≤i≤nh−np,1≤j≤nw−np

⊂ Rnp×np×ns to
represent the HSI, where each band of a full band patch is
ordered lexicographically as a column vector. We can now
reformulate all full band patches as a group of 3D patches
ΦY = {Yi ∈ Rnp×np×ns}Ni=1, where N = (nh − np + 1)×
(nw − np + 1) is the number of patches over the whole H-
SI.

For a given local full band patch Pref , we can find a col-
lection of full band patches Pk similar to it from a predefined
searching window by utilizing the non-local similarity match-
ing, where k ∈ [1,K] andK is the number of similar patches.
The similarity between Pref and Pk can be formulated as:

Sim(Pref , Pk) =
√
‖ Pref − Pk ‖2 (1)

The smaller the Sim(Pref , Pk), the more similar the two
patches may turn out to be. Denote Y∗k ∈ Rnp×np×ns×nK as
the 4th-order tensor stacked by Pref and its non-local similar
full band patches Pk in search window. Then we can estimate
the corresponding true non-local similarity full band patches
X ∗k from its corrupted Y∗k by solving the following optimiza-
tion problem:

min
X∗k
‖ Y∗k −X ∗k ‖F (2)

3.2. 4th-Order Tensor Decomposition

According to the tensor decomposition theory, the aforemen-
tioned optimization problem can be transformed into the fol-
lowing problem:

min
C,U1,U2,U3,U4

‖ Y∗k −X ∗k ‖F

s.t. X ∗k = C ×1 U1 ×2 U2 ×3 U3 ×4 U4

UT
nUn = I, n = 1, 2, 3, 4

(3)

where U1 ∈ Rnp×rp , U2 ∈ Rnp×rp′ , U3 ∈ RnS×rS , U4 ∈
RnK×rK correspond the basis vectors in the four modes of
Y∗ with np ≥ rp, np ≥ rp′ , nS > rS and nK ≥ rK . Here
C ∈ Rrp×rp′×rS×rK is the so-called core tensor and rS < nS
leads to the dimensionality reduction in the spectral mode of
Y∗k . The AIC/MDL criterion [20] can be used to determine the
rank for our tensor model. More specifically, Eq.(3) could be
readily solved by the Tucker decomposition [16] technique.
By applying the alternate solution, when n = 1, the original
problem can be break up into the following subproblem:

min ‖ UT
1 W ‖F

s.t. W = Y1(U4 ⊗U3 ⊗U2)
(4)

where Yn is the flattened of Y at mode-n and ⊗ is the Kro-
necker products. It is not difficult to derive the other condi-
tions when n = 2, 3, 4.



3.3. Iterative Denoising Optimization

Generally, denoising once is not enough to get the desired de-
noised result in practice. Therefore, we designed an iterative
denoising strategy for the proposed method, which is verified
to be a process to take the trade-off between bias and variance.

Y(l) = X (l−1) + δ(Y − X (l−1)) (5)

where l is the number of iterations, δ ∈ (0, 1) is the residual
proportionality coefficient. By utilizing Eq. (5), the denoised
effect could be optimized. The maximum iteration number L
should be properly selected to ensure the optimization result.

The proposed algorithm for HSI denoising can be sum-
marized in Algorithm 1.

Algorithm 1: algorithm of the HSI denoising model
Input: Noisy HSI Y
Output: Denoised HSI X (L)

Initialize X (0) = Y
for l = 1 : L do

Calculate Y(l) by Eq. (5)
Construct the full band patches ΦY(l)

Construct similar patches group set {Y∗k}Kk=1 by Eq.(1)
for each groups Y∗k do

Calculate rp, rp′ , rs, rK by AIC/MDL
while Non-convergence do

Calculate Ui by Eq.(4)
end
Calculate X ∗k = C ×1 U1 ×2 U2 ×3 U3 ×4 U4

Aggregate X ∗k to form the clean X (l)

end
end

4. EXPERIMENTAL RESULTS

To demonstrate the effectiveness of the proposed method, we
compare it with 8 recently developed denoising methods on
both Columbia Dataset and Pavia University Dataset.

4.1. Simulated HSI denoising

The Columbia Dataset [22] contains a wide variety of real-
world materials and objects, which include 32 real-world
scenes. Every HSI includes full spectral resolution reflectance
data collected from 400nm to 700nm in 10nm steps with s-
patial resolution 512× 512 and number of spectral bands
31. The comparison methods include: state-of-the-art for
the tensor-based approach, LRTA [15], PARAFAC [17], and
TDL [19]; 2D extended band-wise approach, band-wise K-
SVD [21] and band-wise BM3D [13]; current method for
the 2D extended 3D-cube-based approach, K-SVD [12] and
BM4D [14]. To evaluate the performance of the denoising
methods, picture quality indices (PQI), e.g. the peak signal-
to-noise ratio (PSNR), structure similarity (SSIM) and feature

similarity (FSIM) are used to measure the similarity of de-
noised HSI and the fully sampled HSI which is assumed to
be ground truth.

We corrupt the clean image with an additive zero mean
Gaussian noises with σ ranging from 20 to 60. The residual
proportionality coefficient δ is set to 0.1 and the maximum
iteration number L is determined automatically according to
the σ. The size of of searching window full band patches is
set 50 pixels. For each noise parameter [12], all the three PQI
values for each competing HSI denoising methods on all 32
scenes have been calculated and recorded. Table. 1 lists the
average performance of all methods. From these comparison,
the advantage of the proposed method can be evidently ob-
served. We show in Fig. 2 at band 620nm with 200× 200
window size extracted from stuffed toy, cloth and feather for
further testification of our method. Method K-SVD, BM4D,
TDL are selected to be shown and it’s obvious that the pro-
posed algorithm outperforms the comparing method.

4.2. Real HSI denoising

In this section, Pavia University dataset of natural scene
is used in our experiments. The original HSI is of the size
610× 340× 103. For the purpose of calculating convenience
and overcoming redundancy, we extract 31 bands and leave
the remaining test data with a size of 610× 340× 31. We
adopts the similar implementation strategies and parameter
settings for all competing methods as previous simulated
experiments.

We illustrate the experimental results at the 5th band of
the HSI in Fig.3. It can be easily observed that the image
restored by our method is capable of properly removing the
Gaussian noise while finely preserving the structure underly-
ing the HSI.

5. CONCLUSION

In this paper, a new denoising model has been proposed based
on tensor decomposition for hyperspectral image which uti-
lizes the non-local similarity across spatial space efficiently.
We have also solved this model by optimization algorithm it-
eratively. The method has been shown to consistently achieve
superior denoising result, on both simulated and real HSI,
than the state-of-the-art methods.
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(a) Original (b) Noisy (c) K-SVD (d) BM4D (e) TDL (f) Ours

Fig. 2. (a) The images at band 620nm of stuffed toy, cloth and feather; (b) The corresponding images corrupted by the mixture
of σ = 40 Gaussian noise; (c)-(f) The restored images obtained by 4 of the comparing 8 denoising methods. The demarcated
areas in each image is amplified at a 4 times larger scale for easy observation of details.

(a) Original (b) Noisy (c) LRTA (d) PARAFAC (e) KSVD

(f) BwK-SVD (g) BwBM3D (h) BM4D (i) TDL (j) Ours

Fig. 3. (a) The Original image located at the 5st band in Pavia University dataset; (b) The corrupted image by Gaussian noise
of σ = 40; (c)-(j) The denoised HSI obtained by the comparing denoising method. The demarcated areas in each image are
amplified at a 4 times larger scale.

Methods σ = 20 σ = 40 σ = 60
PSNR SSIM FSIM PSNR SSIM FSIM PSNR SSIM FSIM

Noisy 17.59 0.2433 0.6253 14.27 0.1870 0.5254 11.38 0.0962 0.4174
PARAFAC [17] 35.36 0.8932 0.9599 31.52 0.7609 0.9246 29.30 0.7857 0.8775

LRTA [15] 37.67 0.9437 0.9722 34.28 0.8212 0.9223 31.53 0.8036 0.9028
BwK-SVD [21] 33.95 0.8002 0.9603 29.65 0.7157 0.9200 27.89 0.7079 0.8564

K-SVD [12] 36.02 0.9397 0.9721 33.41 0.7285 0.9203 31.90 0.8110 0.9123
BwBM3D [13] 38.21 0.9497 0.9747 34.94 0.8802 0.9358 33.84 0.8761 0.9251

BM4D [14] 40.57 0.9665 0.9878 37.79 0.9105 0.9583 34.62 0.8984 0.9399
TDL [19] 40.96 0.9707 0.9813 38.16 0.9334 0.9716 35.41 0.9012 0.9421

Ours 42.87 0.9894 0.9946 39.85 0.9472 0.9760 36.26 0.9048 0.9564

Table 1. Average performance of 8 competing method with respect to the different additive noise. The results are obtained by
averaging through the 32 scenes and the varied parameters.
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