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Abstract

Hyperspectral imaging is beneficial in a diverse range

of applications from diagnostic medicine, to agriculture, to

surveillance to name a few. However, hyperspectral images

often times suffer from degradation due to the limited light,

which introduces noise into the imaging process. In this pa-

per, we propose an effective model for hyperspectral image

(HSI) denoising that considers underlying characteristics of

HSIs: sparsity across the spatial-spectral domain, high cor-

relation across spectra, and non-local self-similarity over

space. We first exploit high correlation across spectra and

non-local self-similarity over space in the noisy HSI to

learn an adaptive spatial-spectral dictionary. Then, we em-

ploy the local and non-local sparsity of the HSI under the

learned spatial-spectral dictionary to design an HSI denois-

ing model, which can be effectively solved by an iterative

numerical algorithm with parameters that are adaptively

adjusted for different clusters and different noise levels. Ex-

perimental results on HSI denoising show that the proposed

method can provide substantial improvements over the cur-

rent state-of-the-art HSI denoising methods in terms of both

objective metric and subjective visual quality.

1. Introduction

Hyperspectral imaging is the process of capturing im-

ages of a scene over multiple bands of the electromagnetic

spectrum. When captured, a hyperspectral image (HSI)

can be thought of as a set of 2D spatially organized “pix-

els” where each pixel contains an entire spectral distribu-

tion over wavelengths. This allows us to see the spectral

distribution of any given surface point in a scene and has

led to numerous applications in remote sensing [1], classifi-

cation and detection [2, 3], diagnostic medicine [4], surveil-

lance [5], biometrics [6], and more. However, conventional

hyperspectral imaging suffers from issues such as limited

light in individual bands, which introduces noise into the

imaging process. The degradation of HSIs not only influ-

ences the visual appearance of these images but also lim-

its the performance of classification and detection methods.

Therefore, HSI denoising is a critical step in HSI based sys-

tem pipelines.

Recently, sparse representation based models have

shown their popularity and effectiveness in image restora-

tion. The success of sparse representation models owes to

the development of l1-norm optimization techniques [7, 8,

9, 10] and the finding that natural images are intrinsically

sparse in many domains [11]. These domains can be repre-

sented by a dictionary, which can be constructed from basis

functions (e.g. DCT, wavelet) and adaptive learning (e.g.

K-SVD [12], stochastic approximations [13]). In addition,

due to natural images containing self-repeating patterns, the

concept of non-local self-similarity in images is introduced

in many papers on topics such as denoising [14, 15], demo-

saicing [16], super-resolution[17, 18], and frame rate up-

conversion [19].

Dong et al. [20, 21] was able to combine both sparse rep-

resentation and non-local self-similarity to restore grayscale

natural images to great effect. However, their grayscale im-

age approach is not ideally suited to HSIs since the relation-

ship between bands is not considered. On the other hand,

Lam et al. [22] showed that spectral domain statistics can

help HSI denoising. This suggests there is rich informa-

tion in the spectral domain that can be utilized. Therefore,

the potential use of sparse representation, non-local self-

similarity, and spectral domain statistics jointly should be

studied.

In this paper, we propose a novel HSI denoising method

based on adaptive spatial-spectral dictionary learning. We

first adaptively learn a spatial-spectral dictionary for each

overlapping cubic patch of the noisy HSI, which can

sparsely represent its own cubic patches across both spa-

tial and spectral domains as well as consider the non-local

self-similarity in of the HSI. In the dictionary learning pro-

cess, the cubic patches are clustered into groups in terms

of the their similarity across the full HSI. The dictionary is

then learned for each group. In addition, we exploit the the

local and non-local sparsity of the HSI to design a denois-

ing model for it. We show that this model can be effectively

solved by a numerical algorithm with its regularization pa-

rameters, adaptively adjusted for different clusters and dif-
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ferent noise levels.

In summary, our main contributions are that we

1. Exploit the high correlation across spectra and non-

local self-similarity over space to learn an adaptive

spatial-spectral dictionary for efficient HSI denoising,

2. Take into account the local and non-local sparsity of

the HSI under the learned dictionary to design the HSI

denoising model,

3. Develop a numerical algorithm to effectively solve

the proposed model and adaptively adjust the regular-

ization parameters for different clusters and different

noise levels.

We show our method is accurate and demonstrate its

effectiveness through experimental results on HSI denois-

ing, which outperforms many state-of-the-art methods un-

der several comprehensive quantitative assessments.

2. Related Work

A number of algorithms such as K-SVD [12], Non-local

means [14] and BM3D [15] have been developed for 2D

image denoising. These methods can be directly applied

to HSI denoising by denoising each band image indepen-

dently. However, considering the bands to be independent

limits performance. Qian et al. [23] and Maggioni et al. [24]

denoise HSIs by considering 3D cubes of the HSI instead

of the 2D patches of traditional image restoration but these

methods ignore the high correlation across spectra and lim-

its their performance.

There are several methods based on Wavelet and/or PCA

for HSI denoising. Atkinson et al. [25] and Othman and

Qian [26] both proposed wavelet-based HSI denoising al-

gorithms. Chen et al. [27, 28] proposed performing di-

mensionality reduction and HSI denoising using wavelet

shrinkage and principal component analysis (PCA). Lam et

al. [22] used PCA for dimensionality reduction in the spec-

tral domain and then performed denoising in local spatial

neighborhoods to further improve denoising results.

Several methods used tensor decompositions. Letexier

and Bourennane [29] proposed an HSI denoising method

based on a generalized multidimensional Wiener filter by

using a third-order tensor. Renard et al. [30] used a low rank

tensor approximation to jointly achieve denoising and spec-

tral dimensionality reduction. Karami et al. [31] reduced

the noise of HSIs by using their Genetic Kernel Tucker De-

composition. Guo et al. [32] denoised the HSIs based on a

high-order rank-1 tensor decomposition.

In addition, Wang et al. [1, 33] utilized an alternative hy-

perspectral anisotropic diffusion scheme to denoise HSIs.

Yuan et al. [34] employed a spatial-spectral adaptive total

variation model for their denoising scheme. Zhong and

Wang [35] simultaneously model and utilize spatial and

spectral dependence in a unified probabilistic framework

by multiple-spectral-band conditional random fields. Also,

Zhang et al. [36] explored the low-rank property of HSIs for

image restoration. Many of these methods exploited both

spatial and spectral information. However, none have uti-

lized the non-local self-similarity present in HSIs of natural

scenes.

In [37], Qian and Ye introduced the non-local self-

similarity and spatial-spectral structure of HSIs into a sparse

representation framework, but their method used a global

3D dictionary built from 3D DCT and 3D OWT, which

cannot be adapted to the specific characteristics of a given

scene. Peng et al. [38] proposed an HSI denoising approach

based on decomposable non-local tensor dictionary learn-

ing, but their model did not explicitly take the neighboring

non-local self-similarity into account.

3. Hyperspectral Image Denoising Model

An HSI degraded by additive noise can be modeled as

Y = X + n, (1)

where X is the original clean HSI, with a size of M ×N ×
B, in which M stands for the rows of the image, N repre-

sents the number of columns, and B is the number of bands.

Y is the degraded HSI and n is additive noise with the same

size as X . The overall framework of the proposed method

is shown in Fig. 1.

3.1. Adaptive Spatial­Spectral Dictionary Learning

We first show how we build the adaptive spatial-spectral

dictionary, which considers both non-local self-similarities

and the high correlation across spectra. The HSI is first di-

vided into overlapping cubic patches of size P × P × B,

where P < M and P < N . In our method, we consider

the two spatial dimensions as a whole. Each cubic patch

centered at the spatial location (i, j) can be described as

Zi,j ∈ R
P 2

×B . Each element in Zi,j can be denoted as

Zi,j [n, b], where n ∈ 1, 2, · · · , P 2 and b ∈ 1, 2, · · · , B
index the spatial pixel location and spectral band, respec-

tively.

In studies of the human visual system [11, 39], the re-

ceptive fields of the eye’s cells code natural images using a

small number of structural primitives sparsely chosen from

an over-complete code set. This suggests that natural im-

ages are intrinsically sparse in some domains, which can

be described as a dictionary and constructed by basis func-

tions. Therefore, we can seek a representation that allows us

to analyze the high-dimensional Zi,j using a smaller num-

ber of components. Then, Zi,j can be represented in terms

of a linear superposition of basis functions,

Zi,j [n, b] =
∑

m

αmφm[n, b], (2)

where {φm} is a basis set, and αm are the corresponding

scalar coefficients.
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