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Abstract. In this study, noise reduction methods for spectral images
using soft morphological filters are presented. Three methods are intro-
duced: filtering individual pixels in the direction of their spectra, two-
dimensional componentwise filtering, and three-dimensional cubic filter-
ing. The research involved removing impulsive noise, particularly salt
and pepper and bit error noise. Filter performance was measured both
quantitatively using mean absolute error, mean square error and signal-
to-noise ratio and visually by observing individual spectral channels and
individual spectra of filtered images. The best results were achieved using
componentwise filtering according to both numerical and visual criteria.

1 Introduction

Spectral images are drawing more and more attention in various practical com-
puter vision applications. Their advantage to usual gray-scale and color images
is that they can contain information from a wider band of the electromagnetic
spectrum as opposed to a usual color image. It is not unusual that a single
spectral image can contain information from as many as 200 individual spectral
bands or channels. A disadvantage is that these kind of images consume a lot
of computational and storage resources, although resource prices are reasonably
low nowadays. One of the problems with spectral images is the degradation of
the image by noise. Noise can be caused, e.g., by low quality data transmission
or erroneous image manipulation.

There are different kinds of noise that can appear on an image. The most
common noise types are Gaussian noise and impulsive noise [5]. In this study,
filtering methods based on soft morphology are presented. The focus is on remov-
ing impulsive noise because soft morphology is known to be efficient in removing
this kind of noise [1]. In particular, two types of impulsive noise were investi-
gated: salt and pepper noise and bit error noise. In salt and pepper noise, each
pixel of an image will change to the maximum or minimum allowable pixel value
with a certain probability [2]. In bit error noise, each individual bit of the bi-
nary representation of an image will be complemented according to a certain
probability.
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2 Soft morphological filtering methods

Mathematical morphology is an important aspect of image manipulation and
processing. It was first introduced by Serra [6] in the beginning of the 80’s.
Mathematical morphology is based on set theory, and filters based on morphol-
ogy are nonlinear. Later, Astola et al. introduced soft morphological filters, which
are particularly efficient in removing impulsive noise [1, s. 184].

Soft morphological filters are based on two basic soft morphological operators,
soft erosion and soft dilation. Let f be an image defined on a discrete set Zm

and [B,A, r] the structuring system so that A and B are finite sets, A ⊂ B,
A,B ⊂ Zm and r is a natural number for which 1 ≤ r ≤ |B|. For all x ∈ Zm

soft erosion [4]

f ª [B, A, r](x) = r:th smallest value of multiset (1)
{r♦f(a) : a ∈ Ax} ∪ {f(b) : b ∈ (B \A)x}.

Correspondingly, soft dilation can be expressed as

f ⊕ [B, A, r](x) = r:th largest value of multiset (2)
{r♦f(a) : a ∈ Ax} ∪ {f(b) : b ∈ (B \A)x}.

In filtering, compound operations of soft dilation and soft erosion are particularly
important since they have the ability to remove positive and negative impulses
[3], [1, s. 184]. Soft opening can be performed by first filtering the image with
soft erosion and then filtering the image again with soft dilation by using an
inverse structuring system [Bs, As, r], where symmetric set T s is defined as

T s = {−t|t ∈ T}. (3)

Similarly, soft closing is a compound operation in which soft dilation is performed
on the image first and then soft erosion is performed with an inverse structuring
system. As stated by Astola, soft opening can remove both sided impulses in
contrast to standard opening [1]. Thus, in this study, only soft opening was
used.

2.1 Componentwise filtering

A spectral image is composed from several spectral channels which in turn can
be thought as single usual gray-scale images. The filtering of these image layers
separately is straightforward. The structuring system is moved across the whole
spectral channel in the spatial domain for each channel individually and in the
following phase the filtered image is then composed from these filtered individual
spectral channels like in Figure 1. This method is likely to perform well since it
is known that soft morphological filters perform very well for gray-scale images.
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Fig. 1. The principle of componentwise filtering.

2.2 Individual pixel filtering

In a spectral image one pixel is represented by a vector. This vector has as many
components as the spectral image has spectral channels. Each individual pixel
vector can be thought as a single one-dimensional signal, i.e. a row of pixels.
The whole spectral image can be filtered simply by filtering each pixel vector as
one-dimensional signals separately and then combining the new filtered spectral
image from these filtered pixel vectors as can be seen in Figure 2.
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Fig. 2. Pixelwise filtering method.

2.3 Cubic filtering

The cubic filtering method considers as the spectral image as a three-dimensional
large cube, see Figure 3. The structuring system is a smaller cube which moves
inside the three-dimensional image in x- y- and z -directions. Soft morphology
can be applied directly after forming a simple set from all pixels contained inside
the structuring system.
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Fig. 3. Cubic filtering method.

3 Experimental Results

Presented methods were tested by using an AVIRIS spectral image called Moffet
with a resolution of 614 × 512 × 224 pixels. In other words, the Moffet image
was composed of 224 individual spectral channels with each channel consisting
of 614 × 512 pixels. Two types of noise were applied on the same Moffet image
separately. The first noise type was salt and pepper noise with 5 % probability
and the second noise type was bit error noise also with 5 % probability. Filtering
was done in Matlab environment. The results for filtering different noise types
can be seen in Table 1. Mean absolute error (MAE) and mean square error (MSE)
decrease clearly, and signal-to-noise ratio (SNR) and its peak value (PSNR) are
improved. The numerical values for performance measurement are somewhat
better when using componentwise filtering than other methods or when the
noise type is salt and pepper instead of bit error.

Another way to investigate results in addition to numerical criteria is visual
observation. The image can be examined directly, e.g., by graphically displaying
a single spectral channel as a gray-scale image like in Figure 4. Results of com-
ponentwise and pixelwise filtering were examined visually. The amount of noisy
pixels is decreased with both methods, and the amount of detail in the image
is preserved quite well as can be seen from Figures 4(c) and 4(d). Alternatively
a single spectrum from a specific location can be plotted as a graph as in Fig-
ure 5. The amount of peaks caused by salt and pepper noise in Figure 5(b) is
decreased significantly after pixelwise filtering in Figure 5(c), although some of
the smaller details are degraded. Furthermore, the spectrum in Figure 5(d) af-
ter componentwise filtering is visually almost identical to the original, noiseless
spectrum in Figure 5(a). This indicates that spatial correlation in the spectral
image is stronger than spectral correlation.

4 Conclusions

The results indicate that the methods presented are appropriate for filtering
spectral images. In this study the filtering methods were found to be more effi-
cient for salt and pepper noise. Componentwise filtering gave better quantitative
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Table 1. Filtering results for Moffet image.

Salt and pepper, 5 % MAE MSE SNR PSNR

Noisy image 1616.7 5.3 · 107 -11.7 13.1

Pixelwise filtering,
|B| = 5, A = [0], r = 3

140.0 2.8 · 106 1.00 25.8

Componentwise filtering,
|B| = 3 × 3, A = [0 0], r = 5

52.0 42130.6 19.3 44.1

Cubic filtering,
|B| = 3 × 3 × 3, A = [0 0 0], r = 14

731.4 1.8 · 107 -6.9 17.8

Bit error, 5 %

Noisy image 391.7 2.5 · 106 1.5 26.3

Pixelwise filtering,
|B| = 5, B = [A], r = 3

88.2 1.0 · 105 15.5 40.3

Componentwise filtering,
|B| = 3 × 3, A = [0 0], r = 5

65.0 50776.3 18.5 43.2

Cubic filtering,
|B| = 3 × 3 × 3, A = [0 0 0], r = 14

302.7 1.4 · 106 4.2 29.0

results than pixelwise filtering for both types of noise. This is quite obvious since
soft morphological filters work well for ordinary gray-scale images. Worst per-
formance was given by cubic filtering. Other noise types were not investigated
in this study because soft morphological filters have been developed especially
for removing impulsive noise.
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Fig. 4. 4(a) Original Moffet image without any noise, channel 50. 4(b) Moffet image
after applying bit error noise with 5 % probability. 4(c) Moffet image after filtering
with pixelwise soft opening. 4(d) Moffet image after filtering with componentwise soft
opening.
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Fig. 5. a) Spectrum of the original Moffet image at location (5, 5). b) Spectrum includ-
ing salt and pepper noise with 5 % probability of the Moffet image. Seven impulsive
errors are observed. c) Spectrum after pixelwise filtering of the Moffet image. Finer de-
tails in the spectrum are lost. d) Spectrum after componentwise filtering of the Moffet
image. Most of the finer details in the spectrum are present.
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