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ABSTRACT: 
 
Very high resolution (VHR) remote sensing imagery can reveal the ground object in greater detail, depicting their color, shape, size 
and structure. However, VHR also leads much original noise in spectra, and this original noise may reduce the reliability of the 
classification’s result. This paper presents an Adaptive Morphological Mean Filter (AMMF) for smoothing the original noise of 
VHR imagery and improving the classification’s performance. AMMF is a shape-adaptive filter which is constructed by detecting 
gradually the spectral similarity between a kernel-anchored pixel and its contextual pixels through an extension-detector with 8-
neighbouring pixels, and the spectral value of the kernel-anchored pixel is instead by the mean of group pixels within the adaptive 
region. The classification maps based on the AMMF are compared with the classification of VHR images based on the homologous 
filter processing, such as Mean Filter (MF) and Median Filter(MedF). The experimental results suggest the following: 1) VHR image 
processed using AMMF can not only preserve the detail information among inter-classes but also smooth the noise within intra-class; 
2) The proposed AMMF processing can improve the classification’s performance of VHR image, and it obtains a better visual 
performance and accuracy while comparing with MF and MedF. 
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1. INTRODUCTION 

In recent decades, a lot of remote sensing images with very high 
resolution (VHR) are available in the urban area. Since VHR 
image can depict the grounded object information, such as 
shape, structure, size, and texture, in detail, these images open 
new perspectives for remote sensing application in urban 
monitoring, environmental assessment, decision-making, et al. 
especially, lots of these applications are depended on the result 
of ground classification.  

However, it is well known that the higher resolution image does 
not naturally mean the higher classification accuracies 
(Wilkinson 2005, Huang and Zhang 2013). On the one hand, 
VHR image increases the correlation among pixels, and this 
results in a relevant amount of spatial features in VHR image, 
these features are useful for visual interpretation and 
classification(Wang, Dai et al. 2012). On the other hand, since 
the constraints of remote sensing technique, images with a very 
high resolution are typically limited to generally 3~4 spectral 
bans(worldview-2 is 0.41meter and 8-bands)(Gianinetto, 
Rusmini et al. 2014). In other words, high resolution and low 
spectral properties result in an increment of the intra-class 
variance and a decrease of the inter-class variance, which leads 
original spectral noise into the classifying thematic map and 
enhance the difficulty of separability (Carleer, Debeir et al. 
2004, Blaschke 2010). Such as, Ouyang Zhang has shown that 
as the spatial resolution of remote sensing data increases, the 
original spectral noise of pixel-wise approach becomes more 
serious (Ouyang, Zhang et al. 2011). In fact, much effects, such 
as a sensor, spatial uncertain also bring noise into the VHR 
image, and a lot of pixels wise approaches are very sensitive to 
this noise(Soille 2003, Huang and Zhang 2008, Duro, Franklin 
et al. 2012). 

To improve the performance of VHR image classification, 
many researchers have worked on object-oriented classification. 
The object-oriented approach generally starts with multi-scale 
image objects as the classifying unit for image analysis, instead 
of a single pixel(Baatz and Sch01pe 2000, Tang, Zhang et al. 
2011, Li, Myint et al. 2014). Image objects are formed by 
grouping pixels together which are spectral similar and spatially 
contiguous, because of the classifying unit is raised from pixel 
to object(grouping pixels), the effect of noise can be alleviated 
by using object-oriented method and the accuracy of the 
classification can be further improved(Yu, Gong et al. 2006). 
For example, Myint et al. compared pixel-based and object-
oriented classification of land cover using VHR image, the 
results have shown that object-oriented approach obtains higher 
accuracies and better visual performance than pixel-based 
classification(Myint, Gober et al. 2011); Ouyang Zhang 
presented a case study for mapping saltmarsh plants using VHR 
imagery, the results shown that object-based model significantly 
reduced the noise when compared with pixel-based 
approach(Ouyang, Zhang et al. 2011); As well, an experiment 
contained three pixel-based classifications which all produced a 
similarly speckled noise appearance comparing to object-based 
approach(Duro, Franklin et al. 2012). The Object-based 
approach could alleviate original noise in the result of VHR 
remote sensing image classification, and some advantages of 
object-oriented techniques in VHR imagery have been proved in 
(Pagot, Pesaresi et al. 2008, Agarwal, Vailshery et al. 2013, 
Blaschke, Hay et al. 2014). However, some limitations of 
object-based approach to VHR image classification relative to a 
pixel-based approach were also explored, such as segmental 
scale-parameters is difficult to obtain(Liu and Xia 2010): too 
large scale will smooth the detailed information(such as edge, 
texture) while removing noise and too small smaller scale can 

not cover the enough noise to improve the performance of 
classification. 

Another family means for improving the accuracies of VHR 
image classification are spectral-spatial classification methods. 
Spatial information is inherited in the real world remote sensing 
image, especially in the VHR images(Li, Zang et al. 2014). 
Therefore， spatial information is employed to couple with 
spectra to make up spectral information’s insufficient, results in 
smoothing noise and improving the accuracy of VHR image 
classification, e.g., Tarabalka et al. proposed a new spectral–
spatial classification scheme for hyperspectral 
images(Tarabalka, Benediktsson et al. 2009);Huang et al 
proposed a multi-feature model, including spectra, structure and 
semantic feature for VHR image classification(Huang and 
Zhang 2013); and Xia et al. proposed a new spatial-spectral 
classification method to enhance the performance of 
hyperspectral images by integrating rotation forests and Markov 
random fields(Xia, Chanussot et al. 2015). In addition, spatial-
spectral kernels have been investigated for classification of 
VHR image in many types of research, such as the 
morphological kernel and sparse kernel(Liu, Wu et al. 2013). To 
exploring the spatial information and improving the 
performance of VHR image classification, mathematical 
morphology was extended by increasing sizes of structuring 
element(Benediktsson, Pesaresi et al. 2003) and stacking 
different shapes of structuring element(Lv, Zhang et al. 2014). 
Several advances of spectral–spatial approach for the 
classification of hyperspectral images were summarized in the 
previous research(Fauvel, Tarabalka et al. 2013). However, 
spatial-spectral feature based approach relies on the 
performance of the spatial feature extracted technique. In order 
to get accurate spatial features, advanced feature extraction 
algorithms are usually required, but those processes may be 
time-consuming and experience depended. 

Different from the object-oriented and spatial-spectral feature 
based classification approach described previously, image filter 
is also adopted to smooth the original noise of hyperspectral 
imagery with high resolution. Such as Dalla Mura et al., defined 
morphological attributes(APs) based on the sequential 
application of morphological attribute filters(Dalla Mura, 
Benediktsson et al. 2010), and these filters were also 
extended(Dalla02Mura, Atli02Benediktsson et al. 2010); 
Angelos et al. developed an image classification framework 
which integrated with nonlinear scale-space filter(Tzotsos, 
Argialas et al. 2011); Recently, edge-preserving filter has 
become a very hot topic of hyperspectral image processing and 
applied successfully in many applications(Kotwal and 
Chaudhuri 2010, Kang, Li et al. 2014). K. Tanaka et al. given a 
local subspace classifier by integrating Gabor filter 
decomposition(Tanaka and Hotta 2013). Sun et al. compared 
mean filter between and median filter algorithm(Huang, Yang et 
al. 1979) in image denoising field(Sun and Qu 2014).  
 
Although the filter is a powerful tool for denoising noise from 
the image, the practical application of filters existed two 
problems. 1)Most of the filter was investigated on the 
hyperspectral image, and VHR image is more or less ignored; 2) 
many filters, such as mean filter(MF), a median filter(MF), are 
related to a regular window as filter’s convolution. However, 
single size and the regular window may be unable to cover the 
multifarious spatial information in the entire image. Therefore, 
it should be noted that the existing filter is related to the spectral 
and regular domain alone, few filters refer to the joint spectral-
spatial domains, especially for the VHR remote sensing image 
classification.  
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In this paper, an adaptive mean morphological filter (AMMF) is 
proposed for reducing the original noise and improving the 
performance of VHR image classification. Comparing with that 
of MF and MedF, the proposed filter runs through the whole 
VHR image by morphological convolution in an adaptive 
manner. To verify the performance of the proposed approach, 
experiments were designed on the base of three VHR images: 
1)a VHR false colour image of Pavia university; 2) IKONOS 
data obtained from Reykjavik, Iceland; 3)a VHR false colour 
image of Pavia center. In these experiments, results of 
classification based on the proposed AMMF is compared with 
that of no filtering process, mean filter and median filter.  
 
The rest of paper is organized as follows. Section-II describes 
the proposed approach of AMMF. Section-III shows the 
framework of the proposed AMMF applied in the classification 
of VHR image. Section IV details experiments on three VHR 
data sets. Section V presents the conclusion of this paper. 
 

2. NEW IMAGE DENOISING APPROACH OF AMMF 
FOR VHR IMAGE 

High resolution and low spectral characteristic of VHR image 
lead much original noise in the image, and this results in an 
unsatisfactory classification map. In this section, an image filter, 
called AMMF, is proposed for reducing the original noise of 
VHR image. 
 
AMMF adds an extension of the mean filter. Unlike the single 
size and regular window of the mean filter, the shape and size of 
the convolution region of AMMF are extracted in a pixel-by-
pixel manner, wherein the region of each pixel has a higher 
homogeneous. The shape of an adaptive region represents the 
contextual feature surrounding a kernel-anchored pixel, the size 
of the adaptive region is constrained by two thresholds in 
spectral and spatial domains. 
 
The algorithm of AMMF is shown in Figure1, and it will be 
detailed as three following steps：1）Extension of AMMF’s 
region; 2）Erosion-based operation within AMMF’s region; 3
）Calculate the mean value of labeled pixels. 

One band 
of VHR 
image

Kernel-Anchored pixel:

The s-th directional pixel:

Are ① and ② are 
true?

Labeled     ,and put      in the set of          .
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Figure 1. Flowchart of the proposed AMMF  algorithm. 
 
2.1 The algorithm of region-extension for AMMF. 

An adaptive extension used to detect the contextual feature and 
the object’s overall contour are symmetric for an image object 
(such as road, build et al). As it is shown in Figure1, if the 
surrounding pixel 𝑃𝑃𝑠𝑠  and 𝐾𝐾𝐾𝐾𝑃𝑃𝑠𝑠𝑠𝑠𝑠𝑠  met the condition-1, labelled 

𝑃𝑃𝑠𝑠 as homogeneous pixel and put it into the set of candidate-
anchored pixels (CAP). A pixel in the set of CAP is preparing 
as another level of the anchored pixel for the region extension in 
the spatial domain, 8-neighbouring pixels surrounding a pixel of 
CAP is compared with 𝐾𝐾𝐾𝐾𝑃𝑃𝑠𝑠𝑠𝑠𝑠𝑠  in spectral domain. Therefore, 
this promises all the labelled pixels are spectral homogeneous 
and the extension of AMMF’s region is adaptive in the spatial 
domain. In other words, CAP is used to extend the adaptive 
region in a recursive way.  
 
Based on the aforementioned algorithm, the extension of a 
homogeneous region for an AMMF will cease if either of the 
above conditions is not net. In this case, the extension of KAP 
will be terminated, the value of KAP is replaced with the mean 
of pixels within the adaptive region and the algorithm will skip 
to the (i+1)-th KAP. The whole image is run in this way and 
each pixel will be taken as once KAP. 
 
2.2 Erosion-based operation within AMMF’s region. 

In practical application, when process VHR image using 
AMMF, since the spatial complexity of pixels or the spectral 
heterogeneity of the ground objects, the hollow contour of the 
region may be produced in the processing of an adaptive region-
extension. Figure-2 illustrates three samples of VHR image of 
Pavia Centre, Italy. It can be found that the appendages of the 
building (such pump-house, chimney, et al, on the top of the 
building), and the sun’ s height, all those will lead original noise 
in the VHR remote sensing image. Unfortunately, these noise 
affect obviously the extension of AMMF’s region: if the current 
KAP is an objective pixel, fitted parameters (T1 and T2) may 
result in hollow region of AMMF, such as the second column in 
Figure-2; On the contrary, if the KAP is a noise pixel, since the 
difference between noise-pixel and its CAP is over T1, and the 
extension ceased, see the third column in Figure-2. Ideally, all 
KAPs consisting an object has a similar shape and size of the 
adaptive region. In fact, the region of a noise-KAP is smaller 
than that of an objective KAP, and result in a larger contextual 
filter for an objective KAP. 
 

 
Figure 2. Examples of Extension for AMMF in different 
classes. 
  
To enhance an objective KAP’s filtering effect and weaken the 
influence of noise’s KAP, an erosion-based strategy is adopted 
here. As well as the erosion operation of mathematical 
morphology, which tests whether a structuring element(SE) 
“fits” an object within a neighbourhood, that’s means the 
erosion removes pixels from object’s boundaries, and the 
number of pixels removed from an object depends on the size 
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and shape of SE used to process the image. The erosion-based 
strategy used here is to remove the noise pixels inside from a 
homogeneous objective area, which is defined as  

0

1( )
n

i l
l

EO x v
n =

= ⋅∑
      (1) 

This formula represents the erosion operation to replace the 
hollow pixel within an adaptive region of AMMF. Where  
𝐸𝐸𝐸𝐸(𝑥𝑥𝑠𝑠) is defined as the erosion-value of noise pixel  𝑥𝑥𝑠𝑠,  𝑣𝑣𝑙𝑙  is 
the value of a pixel which is labelled in the extension of 
AMMF’s region. n is the total number of the labelled pixel, the 
𝐸𝐸𝐸𝐸(𝑥𝑥𝑠𝑠) is eroded the mean value of labelled pixels. While the 
hollow pixels were eroded by the mean of the labeled pixel, and 
it is promised the pixels of AMMF’s region have a higher 
homogeneous. In other words, while the hollow pixels within 
the region of an AMMF were filled, the adaptive region 
becomes a solid region, and all the labelled pixels consisted the 
adaptive solid-region are similar in terms of their spectral value.  
 
2.3 Calculate the mean value of labelled pixels 

After determining the adaptive region of AMMF, an AMMF is 
defined as  

0

1( )
l L

i l
l

AMMF x v
L

=

=

= ⋅∑
      (2) 

Where AMMF(𝑥𝑥𝑠𝑠) is the filtering process of the KAP: ix , L is 
the total number of the labelled pixel within the adaptive region 
and lv is the value of a labelled pixel. The value of a KAP 
filtering by its AMMF is equal to the average mean of the 
labelled pixels wherein the adaptive region. 
 
It should be noted that AMMF differs from the traditional MF 
in the following aspects. 
 
1) MF is simply to replace each pixel value in an image with the 
mean (`average') value of its neighbours. This has the effect of 
eliminating pixel values which are unrepresentative of their 
surroundings. Mean filter is usually thought of as a regular 
filter, such as 3×3 squares, 5×5 squares. However, AMMF 
filters an image by replacing each pixel value with the mean of 
each pixel’s adaptive region. The aims of AMMF is to describe 
the overall contextual features and let all pixels of an object 
have the higher similarity in spectra.  
 
2) MF yields to linear filters and it can remove noise, but it also 
smoothes the edges and boundaries, and may “erase” the details 
whose size is not equal to the window size. As a result, an 
image filtered by MF becomes “fuzzy”; however, AMMF is 
nonlinear in the spatial domain, the value of a pixel is filtered 
whether or not depends on the spectral differences between a 
kernel-anchored pixel and its contextual pixels. The extension 
of an AMMF’s region is self-adaptive and constrained by two 
parameters: T1 and T2. Hence, AMMF not only smoothes the 
noise of intra-class, but retains the detail of inter-classes. 
 

3. EXPERIMENTS 

To illustrate the strength of AMMF, four VHR images are 
respectively filtered with AMMF and MF, the results are 
compared in Figure 3. It can be found that AMMF can smooth 
the building, trees and retain the edges between them. The 
similar observation can be found in Figure 4. To investigate the 
proposed AMMF more comprehensively, classification maps 
based on the proposed AMMF and the raw image without any 
filter processing shown in Figure 4, it is clear that the proposed 

AMMF has the ability for reducing the noise of remote sensing 
image with high spatial resolution. In addition, it can preserve 
the boundary information between different targets while 
comparing with the tradition mean filter. 
 
  

 

Figure 3. Filtering Result Comparison between MF and AMMF 
using a VHR sample image. (a) is a VHR image with 1.0-meter 
resolution and R-G-B three bands; b,c,d are the results process 
by MF with different window size; e, f and g are the results 
processed by AMMF with different constrained parameters: T1 
and T2. 
In addition, we investigated the classified performance of the 
proposed AMMF based classification by comparing the 
proposed AMMF with that of MF and MedF, including the 
original remote sensing the original VHR image. As it is shown 
in Figure-5, it can be seen that the proposed AMMF improve 
the performance of classification than that of MF and MedF or 
the original VHR image without any processing in all the 
experiments. 
 

(a) r=7 (b) r=9 （c）r=11

(d) T1=35, T2=100 (e) T1=45, T2=300 (f) T1=55, T2=200

Figure 4. Visual performance comparison between the proposed 
AMMF processing and that of MedF filter: a to c are the filtered 
result using MedF with the r = 7, r = 9 and r = 11; d to f are the 
results based on AMMF processing with the parameters’ 
setting: (T1 = 35, T2 =100), (T1 = 45, T2 = 300), and (T1 = 55, 
T2 = 200). 
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Figure 5. Visual comparison of the classification maps between 
the original Pavia centre image and the proposed AMMF-based 
classification through SVM. (a) The classification map based on 
the original image; (b) the original image-Pavia centre; (c) the 
classification map based on the processing of AMMF. 
 

4. CONCLUSION 

To conquer the noise of VHR remote sensing image, the 
proposed AMMF, which were adaptive by considering spatial 
contextual information and spectral similarity, and then extend 
gradually the region of AMMF using an extension- detector 
with 8-neighbouring pixels. Therefore, the AMMF not only 
have the ability to preserve the detail information in inter-
classes but also can smooth the noise in the intra-class. In other 
words, the filter of AMMF is dynamically adaptive according to 
with the shape, size, and spectral different of an objective 
object. As a topic of future research, another possible approach 
which is parameter (T1 and T2) automation can be considered. 
In theory, if T1 and T2 are acquired in a self-adaptive way by 
considering the spectral difference of contextual pixels, such an 
approach will be provided an image filter with a higher degree 
of automation, and the advantage of such an approach maybe 
more effective than that of the proposed approach for VHR 
image classification.  
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