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I. INTRODUCTION

Hyperspectral imaging refers to the process of imaging 

objects using a continuous spectral band over a long range 

[1]. With the continuous development of hyperspectral 

imaging technology, the resolution and imaging capabilities 

of hyperspectral imaging have been gradually enhanced. 

However, Hyperspectral (HS) spectrometers adapt narrow 

band intervals, resulting in weak energy being acquired 

within each band and generating noise in the final image [2].

The influence of hyperspectral-image noise runs through 

the entire target-detection and fine-classification process. 

Therefore, in practical applications we should consider 

starting from the quality analysis of the acquired data, and 

provide a reference for the subsequent processing through 

the noise evaluation of the hyperspectral image, and also 

provide support for evaluating the credibility of target- 

detection and fine-classification results.

Generally, the noise in HS images can be divided into 

two categories: random noise and pattern noise. Pattern 

noise can be removed by applying descripting algorithms, 

but random noise is difficult to remove completely, and 

there is still active research on noise estimation for HS 

images. The selection of homogeneous regions is always 

an inevitable topic in noise estimation; N. Fujimoto et al. 

proposed an algorithm to estimate the variance of noise by 

calculating the variance of pixel values in a homogeneous 

area [3]. B. R. Corner et al. proposed a new method by 

assuming that image textures are generally smoother than 

noise [4]. L. Alparone et al. proposed a model for estimating 

noise using maximum likelihood [5]; while this method 

does not require artificial blocking and selection of uniform 

regions, it does not perform well for images with complex 

texture. To effectively exclude the influence of spatial 

texture information on hyperspectral-image noise evaluation, 

this manuscript proposes a new hyperspectral-image noise- 

estimation method. P. Fu et al. used a new wavelet-based 

superpixel model to segment a HIS image into small 

patches [6], and the SD (Signal Additive) and SI (Signal 

Interrelated) noise variances were obtained by fitting the 

scatter points of local means versus local total noise 

variances. Z. Tang et al. proposed a bilayer model for HIS 
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noise estimation, band rejection, and denoising, and achieved 

good results compared to other advanced methods, but the 

two-layer structure has high requirements for modeling 

accuracy [7]. However, all of the aforementioned algorithms 

only focus on a single frequency band of hyperspectral 

data, and fail to take spatial information into account. L. 

Sun et al. proposed a noise-estimation method based on 

superpixels. Superpixel segmentation can obtain local 

homogeneous regions, and the noise can be estimated by 

performing Multiple Linear Regression (MLR) on these 

local regions [8]. A. Mahmood et al. proposed a modified 

residual method; although improvements have been made 

on the basis of the residual method, the spatial data cannot 

be used effectively [9].

The spectral and spatial decorrelation method (SSDC) 

[10] is a classic noise-estimation method specifically for 

hyperspectral images. This method uses multiple linear 

regression to separate spatial and spectral information, so 

the evaluation results are more stable. This method, though, 

ignores the spatial information and performs image segmen-

tation, so noise-estimation error will be generated in the 

complex part of the texture. The homogeneous region of 

the hyperspectral image refers to an area that contains the 

same type of features. The pixels in a homogeneous region 

of a hyperspectral remote-sensing image have strong spatial 

correlation and spectral correlation. Hyperspectral-image 

noise estimation often requires rectangular hyperspectral 

uniform regions for multivariate linear regression. At the 

edge of the texture there will usually be more spectral- 

mixing points, so unselected division of these regions into 

homogeneous regions obviously increases the error of 

hyperspectral noise estimation.

To effectively use the spatial information of an image, 

many texture-feature extraction methods have been developed, 

such as GLCM (Grey-level Cooccurrence Matrix Markov 

Random Field) [11]. The disadvantage of these methods is 

that only the features of small neighborhoods in the image 

are analyzed. The Gabor transform is a windowed Fourier 

transform which can extract multiscale and multidirectional 

texture features of the image, and is widely used [12].

The main process of the method in this paper is this: 

First, extract the main information of the image using 

principal-component analysis (PCA); second, use a Gabor 

filter for image filtering, then use a K-means algorithm to 

remove image texture [13]. After removing the texture, the 

remaining area is considered to be a homogeneous area. 

The next step is to divide the image into small blocks and 

perform multiple linear regression to get the regression 

parameters. Finally, use the regression parameters to estimate 

the signal, achieving signal-to-noise separation. Experiments 

show that the method proposed in this paper is effective 

for hyperspectral-image noise evaluation.

II. HYPERSPECTRAL-IMAGING 

MIXED-NOISE MODEL

Hyperspectral data can be considered three-dimensional 

data of size M N B  , where M N  is an image of a 

single band, and B  is the number of bands to characterize 

the spectral characteristics. The noise in hyperspectral images 

is composed of random noise and fixed-pattern noise. The 

fixed-pattern noise can be mitigated using suitable proce-

dures from the hyperspectral-image data itself. On the other 

hand, random noise cannot be removed. For definite image 

gray value { ( , , )}H h m n b , image signal value { ( , , )}S s m n b , 

and image noise value { ( , , )}N n m n b , the relationship bet-

ween the three variables can be described by

( , , ) ( , , ) ( , , )h m n b s m n b n m n b  . (1)

In this formula, the mixed noise ( , , )n m n b  includes signal-

dependent noise ( , , )
sd
n m n b  and signal-independent noise 

( , , )
si
n l r b . The mixed noise obeys a Gaussian distribution:

    2 2
0 sd ,p si ,pn m,n,b ~ N , s m,n,b   , (2)

where 
2

sd ,p  represents the variance of ( , , )
sd
n m n b  and 

2

si ,p
  

represents the variance of ( , , )
si
n l r b . For a hyperspectral- 

image block in a certain band p, the mixed noise of the 

uniform image block generally follows the Gaussian 

distribution with a mean value of 0, and signal values are 

considered constant in image blocks; then the variance of 

mixed noise  2

n,p
M '  can be expressed by

2 2 2

, , ,
( ) ( )

n p sd p P si p
M M       . (3)

In a real image, 
2

sd ,p
  and 

2

si ,p
  are two parameters of 

the noise model that can be calculated by obtaining the 

average value of the gray level of the image and the 

variance of the mixed noise. 

III. HYPERSPECTRAL-IMAGE 

NOISE-EVALUATION PROCESS

In this section we propose a noise-measurement method 

that combines hyperspectral spatial and spectral information. 

The method in this paper is specifically divided into the 

following steps: (1) Gabor filtering to extract image texture 

features, (2) K-means algorithm for texture segmentation, 

(3) removal of texture information and division of the image 

into multiple rectangles, and (4) multiple linear regression 

for noise estimation. The process is shown in the following 

Fig. 1.
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3.1. Texture-information Extraction and Segmentation 

of Hyperspectral Image

An image’s texture features describe the surface properties 

of the image or the scene corresponding to the image area. 

Different texture features are different in intensity and 

frequency. The first component can contain most of the 

information of hyperspectral data, so the information of the 

first principal component can be used as the input image 

for Gabor texture segmentation. The Gabor transform is a 

windowed Fourier transform modulated by a Gaussian 

function. It can extract the texture information of an image 

through different scales and directions, and also provide 

good direction-selection and scale-selection characteristics. 

The pixels in hyperspectral imaging are often affected by 

light intensity, shadow, and other factors, which makes the 

same object easy to be regarded as texture edge points. 

Since the Gabor filter has good robustness and adaptability 

to light, it can effectively solve this problem and avoids 

error in texture segmentation.

The Gabor wavelet filters the input image through a 

windowed Fourier transform to get a set of characteristic 

grayscale images in all directions. Among them, the two- 

dimensional Gabor kernel function is defined as

2
2

, ,

, ,2 2
( , ) exp( )[exp( ) exp( )]

2 2

u v u v

u v u v

k k z
G x y izk



 

    . (4) 

In this formula, 1,1 1,2 ,
( ( , ), ( , ),......, ( , ))

u v
G H x y H x y H x y  refers 

to the features extracted in each scale direction, u  represents 

scale, and v represents direction. By convoluting the Gabor 

filter ,

( , )
u v

H x y  in a specific direction and scale with the 

input image ,

( , )
u v

H x y , the Gabor characteristic image under 

the filter can be obtained and recorded as

, ,

( , ) ( , ) ( , )
u v u v

M x y H x y I x y  . (5)

Every Gabor amplitude image includes some local texture 

changes, even in the areas with constant and fine texture. 

Local texture changes will produce noise: 

2 2

2 2

1
exp( )

2 2

x y


 


  . (6)

The K-means algorithm is an unsupervised clustering 

algorithm in which the principle is to randomly select k 

samples 1 2 3
( , , ... )

k
x x x x  as the cluster center, and calculate 

the Euclidean distance between other points and the k 

cluster centers respectively. The calculation equation is as 

follows:

2
( ) ( ) ( ) ( ) ( ) ( )

2
( , )i j i j i j

ed u udist x x x x x x    . (7)

For each sample, this method divides it into the cluster 

closest to it, and then calculates the centroid (mean) of 

the entire image until the centroid is unchanged, which 

completes the clustering.

3.2. Texture-information Culling

The accuracy of texture-information extraction directly 

affects the accuracy of image-noise evaluation [14]. To 

obtain homogeneous regions by texture segmentation, a 

threshold is needed to determine whether the pixels in the 

image are edges or textures. The Otsu is a algorithm to 

determine the threshold value of binary image segmentation. 

It assumes that there is a threshold value TH  that divides 

all pixels into two types: 1C  and 2C . The average value of 

each pixel is 1m , 2m . and the average value of the whole 

image is “mg”. The probabilities that an image pixel is 

classified into 1C  and 2C  are 1p  and 2p  respectively. 

Their relationship can be expressed by

1 1 2 2p m p m mg    . (8)

This article uses the Otsu algorithm to determine the 

threshold of the uniform region and accurately remove the 

texture information from the image [15].

Hyperspectral image Gabor filtering
K-means algorithm 

classification
Texture image

Spectral information Multiple linear regression Spatial information Uniform block

Signal and noise separation Mixed noise variance

FIG. 1. Flowchart of the proposed method.
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3.3. Signal-to-noise Separation and Noise Evaluation

The signal in hyperspectral data after texture segmen-

tation has a strong correlation in both spatial and spectral 

dimensions, but there is no correlation between noise in 

different frequency bands [16]. Considering this feature, 

signal-to-noise separation can be achieved with the adjacent 

spectral information, and then the multiple linear regression 

for each block is used to estimate the noise. 

Multiple linear regression is a commonly used estimation 

method. For pixels i , j ,kx  in a homogeneous region of size 

W H  in a certain band, it can be estimated by the corres-

ponding points of the adjacent bands k-1, k+1 and the 

values of neighboring points. Its regression model is

, , , , 1 , , 1 ,i j k i j k i j k p kx a b x c x d x
 

       . (9)

In that formula, 

1, ,

, , 1,

;              1, 1

;                  1    

;    1, 1

i j k

p k i j k

x i j

x x j

Meaningless i j





 


 
   . 

(10)

p ,kx  refers to spatially adjacent points in the same band, 

and a,b,c,d  are multiple linear regression coefficients. 

Then we can calculate the value of the signal by multiple 

linear regression.

For the images in the first and last bands of spectral 

space, we only use one adjacent band for fitting. The 

residual value obtained by linear fitting is considered, 

since the true value of noise x,y ,kN  cannot be known. We 

find the residuals of the noise with Eq. (11), so that the 

noise and the signal can be separated:

, , , , , ,

'x y k x y k x y kN S S  . (11)

The true value of the signal can be obtained from

, , , , , ,x y k x y k x y kS H N  . (12)

Each pixel block performs the same operation to 

achieve signal and noise separation in each band, and the 

variance value for noise in each homogeneous image block 

can be calculated from

2 1

, , , ,

1

( r-4) ( )
n

p k x y k p k

i

l n n




    . (13)

To exclude the influence of individual nonuniform image 

blocks, we sort the images in order of mean value; the 

middle-80% value is taken as the effective value. 

For a band p, by calculating the local gray average and 

local mixed-dimensional scatter plot is drawn. The scattered 

points in the graph can be fitted by straight lines via linear 

fitting. 

According to Eq. (3), the intercept of the straight line is 

the variance of the additive noise, and the slope is the 

variance of the multiplicative noise; thus the components 

of the mixed noise can be evaluated.

IV. EXPERIMENT AND ANALYSIS

4.1. Verification of Simulation Algorithm

To prove that the method in this paper can effectively 

extract the texture information from the image, a simulation 

experiment is designed in this section.

Experiment data was acquired with an HIS-300 image 

spectrometer with an acousto-optic tunable filter. The image 

range was from 440 to 810 nm, and the band interval was 

4 nm. The cubic graph of the hyperspectral data obtained 

by imaging is shown in Fig. 2.

FIG. 2. Hyperspectral-data cube.
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Figure 3 shows four kinds of spectral curves extracted 

from the hyperspectral image at the same time. To better 

demonstrate the effectiveness of this method to complex- 

texture image processing, we compose two simulated images 

using the spectral curves in Fig. 3, as shown in Fig. 4. 

Figure 4(a) is a simple texture image; the texture features 

are obvious and easy to extract. On the contrary, the 

simulated image in Fig. 4(b) is a random arrangement of a 

series of pixels with few texture features.

Both images show the first principal component of the 

image. According to the noise model in this article, we 

added mixed noise to each band of the two simulated 

images. A new noise index was introduced in the experi-

ment: signal-to-noise ratio (SNR), which is convenient for 

adjusting the components of the noise: 

10

,

20 lo
)

(
g

(

)
n p

u p

p
SNR



  . (14)

In Eq. (14), ( )u p  is the mean gray value of the p-band 

image, and  n,p
f  refers to the noise variance of the 

p-band. This study adjusted the amount of noise added by; 

the size of each image was 450 × 450 pixels. To find the 

best block size in the experiment, add 30 db of white noise 

to the image, and then use the same method to estimate the 

noise with different block sizes. The experimental results 

are shown in Fig. 5.

At the same time, to make a better quantitative analysis 

of the noise-estimation results, we defined the mean value 

of the mixed-noise square error in each band as the noise 

mean-square error 
2

n , the results for which are shown in 

Table 1:

2'2 2
2 , ,2

, 21 1

,

( )1 1
{ }

n n n p n p
n n pi i

n p
p p

 

 


 



   . (15)

According to the experimental results above, it can be 

seen that the noise-evaluation effect is best when the block 

size is 6 × 6. Therefore, in the following experiments we 

used this block size. 30 dB of noise was added to both the 

simulated datasets 1 and 2, different methods were used 

to estimate the noise results for the two images, and their 

mixed-noise square errors were calculated. The experimental 

results are shown in Fig. 6 and Tables 2 and 3.

From the results in the two images of Fig. 6, it can be 

seen that the estimated result from the SSDC is much 

larger than the true value. This is mainly because SSDC 

uses simple image segmentation when estimating noise, so 

that blocks containing textures participate in the noise 

evaluation. The LMLSD method is sensitive to the block 

size, and it is easy to treat some nonuniform isolated points 

as valid points. As can be seen from the results in Tables 

2 and 3, the method in this paper is strongly sensitive to 

texture images, and also can effectively remove texture 

FIG. 3. Simulation graph.

(a) Obvious texture features (b) Few texture features 

FIG. 4. Homogeneous (a) and random (b) simulation images.

FIG. 5. Graph of different block sizes for simulated image 1.

TABLE 1. Errors of the noise estimated with different block 

sizes, for image 1

Block size  1 × 1 4 × 4 6 × 6 10 × 10
2

n
  2.1 × 10-2 8.1 × 10-2 1.0 × 10-2 1.02 × 10-1
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features and isolated points from hyperspectral images. For 

images with rich texture information, this method has better 

a processing effect.

4.2. Experimental Algorithm Verification

For this chapter we used a simulated hyperspectral image 

and perform noise estimation. The size of each image was 

512 × 512 pixels. Figure 7 is a RGB three-channel pseudo-

color composite image. The two types of yellow camouflage 

boards are denoted as A and B, and the background of the 

yellow muddy ground is denoted as C.

Among these, the spectral curve of C was taken from 

natural green plants, and the spectral curves of both A and 

B was taken from the artificial green simulation board in 

Fig. 8.

To compare the effectiveness of multiple methods, a 

20-dB signal-to-noise random noise was added to the 

hyperspectral dataset 1. Then we used different methods to 

estimate the noise value; when using the Gabor transform 

to extract texture features, Gabor filter banks with 5 dimen-

sions in 4 directions were designed. Too many choices and 

(a) Dataset 1 (b) Dataset 2

FIG. 6. Simulated experiments.

FIG. 7. RGB composite of dataset 1.

FIG. 8. Artificial green board.

TABLE 2. Errors of the noise estimated by different methods 

in experiment 1

Evaluation 
Method of 

this article
SSDC

LMLSD 

5 × 5

LMLSD 

8 × 8
2

n
  4 × 10-3 1.93 × 10-2 9.8 × 10-3 1.33 × 10-2

TABLE 3. Errors of the noise estimated by different methods 

in experiment 2

Evaluation 
Method of 

this article
SSDC

LMLSD 

5 × 5

LMLSD 

8 × 8
2

n
 1.283 × 10-2 3.948 × 10-2 1.0 × 10-2 3.1 × 10-2
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scales will lead to an increase in the amount of data, and 

will affect calculation efficiency. Four directions can meet 

the minimum orientation criteria for Gabor texture-feature 

extraction. The image in this article has relatively few 

textures, and 5 scales were sufficient to extract its texture 

features. In this experiment, we selected 6 × 6 pixels as the 

block size according to the simulated experiment above. 

The experimental results are shown in Fig. 9 and Table 4.

It can be seen from Fig. 9 and Table 4 that the method 

in this paper has certain effectiveness and superiority, 

compared to other commonly used hyperspectral-noise 

evaluation methods. The method in this paper can improve 

the accuracy of hyperspectral-image noise estimation.

4.3. Real Image Experiments

Experimental data of real images used the HIS-300 

hyperspectral imager. The experimental image was taken 

on April 22, 2019. The shooting time was 9:00 AM, the 

weather was cool, and the visibility was good. The shooting 

band interval was 4 nm; 89 band images were acquired in 

the 449-801-nm band. The zenith angle of the detector was 

51°, and the sun’s height was 47°. 

To better simulate the real hyperspectral-imaging environ-

ment, camouflage raincoats, camouflage clothing, artificial 

turf, camouflage boards, and other objects were arranged 

on the surface of the green field that was the background. 

The grayscale hyperspectral image is shown in Fig. 10.

The resolution of the hyperspectral image acquired by 

the imaging spectrometer was 1002 × 1002 square pixels. 

To compare and verify the stability of the proposed method 

in estimating hyperspectral noise, a portion of the hyper-

spectral image with a size of 450 × 450 square pixels was 

taken from the upper right and lower right of the captured 

image; the two images are shown in Fig. 11. Image (a) has 

fewer features and the texture is relatively simple, while 

image (b) has more features and a more complex texture. 

Then we used this article’s noise estimation method to 

perform noise estimation on the two images.

The first principal component contains most of the 

information of the hyperspectral image; the PCA algorithm 

was used to extract the first principal component of the 

hyperspectral data. The Gabor filter was used to extract 

the features of the image, and the extracted results are 

FIG. 9. Graph of different block sizes for simulated image 1.

TABLE 4. Errors of the noise estimated by different methods

Evaluation 
Method of 

this article
SSDC

LMLSD 

5 × 5

LMLSD 

8 × 8
2

n
 9.6 × 10-3 2.03 × 10-1 2.1 × 10-2 8.6 × 10-2

FIG. 10. Grayscale image of the experimental scene.

(a) Grayscale image of experimental scene 1

(b) Grayscale image of experimental scene 2

FIG. 11. Grayscale image of experimental scenes 1 and 2.
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shown in Fig. 12. The scale and direction of the Gabor 

filter determine the characteristics of feature extraction. In 

this paper, the scene for hyperspectral imaging was not 

very complex, so a Gabor filter with four directions and 

five scales was selected.

K-means clustering could be used to extract the texture 

features of the filtered image, and the Otsu threshold 

algorithm could be used to extract the texture of the image 

effectively. The Gabor-extraction texture map and final 

extracted texture edge are shown in Fig. 12.

All of the extracted features and abnormal points were 

removed from the original hyperspectral data, and the 

remaining hyperspectral data was used for uniform block 

classification.

To better evaluate the stability of each method in noise 

estimation, we used four methods to estimate the noise of 

two images and analyze the results, calculating the mean 

square error of the noise value of the two images by each 

(a) Method in this article (b) SSDC

(c) LMLSD 5 × 5 (d) LMLSD 8 × 8

FIG. 13. Real experimental curves.

(a) Gabor texture map (b) Texture-edge map

FIG. 12. Gabor texture map extracted by Gabor filter, and 

texture edges extracted by K-means clustering.

TABLE 5. Errors of the noise estimated by different methods

Evaluation 
Method of 

this article
SSDC

LMLSD 

5 × 5

LMLSD 

8 × 8

Scene 1 9.09 × 10-4 1.43 × 10-2 1.13 × 10-2 6.6 × 10-3
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method. The experimental results are shown in Fig. 13 and 

Table 5.

It can be seen from Fig. 13 and Table 5 that when 

processing hyperspectral images with the same imaging 

conditions but different texture levels, the method in this 

paper gives the lowest noise mean square error, compared 

to the other three methods; the rest are, in order, LMLSD 

8 × 8, LMLSD 5 × 5, and SSDC. The experimental results 

show that the method in this paper is not sensitive to the 

complexity of texture; this is mainly because, compared to 

other methods, the method proposed in this paper fully 

considers the spatial texture information of the image, 

which makes the method in this paper more applicable and 

robust, and suitable for use over a wider range.

To obtain the components and probability distribution of 

hyperspectral noise, the grayscale mean value and noise 

variance for all homogeneous blocks in a certain band are 

plotted as scatter plots. The noise type in the image is 

determined by fitting the straight line. If the noise in the 

image is purely additive, then the fitting line should have a 

slope of 0. If the noise in the image is purely multiplicative, 

then the fitting line should pass through the origin. If the 

noise in the image is mixed, then the fitted line will not 

pass through the origin, and its slope will not be zero.

We selected the 51st band of the hyperspectral image 

for a scatter plot and line fitting. The results are shown in 

Fig. 14.

It can be seen from Fig. 14 that the fitted curve is an 

oblique straight line that does not pass through the origin, 

indicating that the composition of the hyperspectral noise 

is mixed multiplicative and additive noise.

V. CONCLUSION

This paper proposed a new method to evaluate hyper-

spectral-image noise. By using Gabor and K-means algo-

rithms, the spatial and spectral information of a hyperspectral 

image was integrated, and the accuracy of noise evaluation 

was improved. Through simulated experiment, the results of 

the three methods in the treatment of hyperspectral noise 

were analyzed quantitatively, which proved that this method 

exhibited a certain degree of improvement over other 

methods. Using actual hyperspectral images, the stability 

and robustness of this method were proved. Finally, linear 

fitting verified that the noise of the hyperspectral image 

conformed to the mixed-noise model, and its components 

were analyzed. However, this method still has some 

limitations. The block size affects the accuracy of noise 

assessment. How to determine the optimal block size 

quickly and effectively remains a problem to be solved.
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