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Abstract  The application of remote sensing monitoring techniques plays a crucial role 
in evaluating and governing the vast amount of ecological construction projects in China. 
However, extracting information of ecological engineering target through high-resolution 
satellite image is arduous due to the unique topography and complicated spatial pattern 
on the Loess Plateau of China. As a result, enhancing classification accuracy is a huge 
challenge to high-resolution image processing techniques. Image processing techniques 
have a definitive effect on image properties and the selection of different parameters may 
change the final classification accuracy during post-classification processing. The com-
mon method of eliminating noise and smoothing image is majority filtering. However, the 
filter function may modify the original classified image and the final accuracy. The aim of 
this study is to develop an efficient and accurate post-processing technique for acquiring 
information of soil and water conservation engineering, on the Loess Plateau of China, 
using SPOT image with 2.5 m resolution. We argue that it is vital to optimize satellite im-
age filtering parameters for special areas and purposes, which focus on monitoring eco-
logical construction projects. We want to know how image filtering influences final classi-
fied results and which filtering kernel is optimum. The study design used a series of win-
dow sizes to filter the original classified image, and then assess the accuracy of each 
output map and image quality. We measured the relationship between filtering window 
size and classification accuracy, and optimized the post-processing techniques of SPOT5 
satellite images. We conclude that (1) smoothing with the majority filter is sensitive to the 
information accuracy of soil and water conservation engineering, and (2) for SPOT5 2.5 m 
image, the 5×5 pixel majority filter is most suitable kernel for extracting information of 
ecological construction sites in the Loess Plateau of China. 

Keywords: ecological construction, soil and water conservation measure, high spatial resolution satellite image, 
image post-processing, majority filter. 
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In China, the Loess Plateau is a known area for severe soil and water loss[1―3]. In order 
to conserve water and soil and improve ecological environment, the Chinese government 
categorized the Loess Plateau as a key pilot area of constructing forest protection projects 
and has launched a huge afforestation movement since 1978[4,5]. In recent years, the Chi-
nese government has launched a widespread ecological construction movement on the 
Loess Plateau, such as the Three Northern Regions (northeastern, northwestern and 
northern China), the Shelter Forest System Project, the Farmland Shelter Forest Projects, 
and the extensive program for transforming farmland into forests or grassland[6]. 

Many soil and water conservation measures and engineering have been built on the 
Loess Plateau since 2001. In terms of the natural, economic, social conditions of these 
small basins, all soil and water conservation measures have been carried out in units ap-
propriate to the area of small basins (30 km2 or less)[3]. Because the primary property of 
loess terrain is its ability to maintain a vertical cliff, these manmade objects were ineluc-
tably built in a functional relationship with the complicated surrounding. Generally, there 
are two main ways to control soil and water pouring into the Yellow River from the pla-
teau area, one is planting vegetation, and the other is engineering measures[3]. The former 
is directly afforesting on the barren area. The latter needs building new artificial con-
structions, such as check-dam, contour vegetation barrier, rain water collectors, level step, 
etc.[7], called soil and water conservation measures (SWCM). Monitoring ecological en-
gineering is the basic need for appropriate and responsive management of these ecologi-
cal construction projects. Hence, how to evaluate and monitor the vast amount of SWCM 
appears urgent for timely governance as it is physically difficult and labor intensive to 
investigate these objects in the field. 

With the growing availability and accessibility of multi-spectral images, the applica-
tion of remote sensing monitoring techniques has quickly become a valuable new method 
to detect land use changes. Furthermore, the recent emergence and application of 
high-spatial-resolution satellite images brings more reliable data resources for monitoring 
ecological engineering. Detailed geometric features can easily be recognized from high 
spatial resolution panchromatic images[8].  

It is anticipated that the development of the remote sensing monitoring techniques may 
contribute to the formalization of common methodological principles applicable to the 
conditions found on the Loess Plateau. The present research aims to determine appropri-
ate methods for integrating imagery and geographical data within the target recognition 
process, thus enabling high-accuracy identification. This paper describes the develop-
ment of image post-processing techniques and its application to SWCM on the Loess 
Plateau. 

1  Satellite image post-processing techniques 

Although remote sensing monitoring is suitable to supervise an ecological construction, 
acquisition of high spatial resolution images is only a partial solution. The images must 
then be translated into data products that are appropriate to, and that can be employed by, 
the relevant user communities (e.g., maps of land cover and land use for supervisors)[9]. 
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SWCM are scattered and isolated pixel groups on the SPOT high-resolution image, so 
much as they look like noisy. In such a case, the use of high-resolution spatial data to 
extract information about SWCM requires adequate skills to reach a high accuracy. Thus, 
it is meaningful and also necessary to develop methods for fast acquisition of up-to-date 
SWCM information from satellite images. 

Generally, some noisy data will appear as isolated pixels and small groups of pixels in 
classification remote sensing images. In other words, classified data often manifest in a 
salt-and-pepper appearance due to the inherent spectral variability encountered by a clas-
sifier when applied on a pixel-by-pixel basis. Therefore, it is sometimes desirable to ag-
gregate local information in some way, e.g. in order to gain an overall picture of local 
cover type. The most commonly used approach involves the application of a moving 
window or n-by-m pixel kernel, which is convolved with the image data[9]. The simplest 
and perhaps most common algorithm is majority filtering. Previous studies showed that 
smoothing image with majority filtering is effective for removing salt-and-pepper arti-
facts and eliminating noise in the post-classification of satellite images[10]. 

Since the specific method for spatial aggregation of categorical data of this sort de-
pends on the particular application and data input, we cannot use it blindly and optionally. 
As previous studies have also documented that spatial aggregation can lead to informa-
tion loss or distortion of classified data[11]. For example, successive aggregations will 
typically lose scattered data of a certain class, but keep tightly clustered data[9]. Therefore, 
the influence of any resampling operation in a given data set depends not only on the 
specific method followed, but also on the quality of that data set. For this reason, we 
must test the correspondence between the structural properties and relations exhibited by 
the land cover parcels in the image. 

To meet the primary goal of determining what kind of image post-processing tech-
niques were more suitable for extracting accurate information on SWCM, an initial study 
was carried out with the main objective of developing a standard methodology to under-
stand and explain the mechanism of error during image post-processing. The specific 
objectives of the study were to investigate the classification accuracies of different ma-
jority filtering and to select the parameter using knowledge-based rules and expert ex-
perience. 

2  Materials and methods 

2.1  Study area 

The study area is in the area of the Zhaogou catchments, located at the eastern part of 
the Loess Plateau in Gongyi County, in the western part of Henan Province, China (Fig. 
1). This area lies between 34°41′50″ and 34°50′43″ north latitude and 112°45′56″and 
113°3′54″ east longitude, 10 km east of Gongyi City and covering an area of 21.2 km2. 
There are significant topographic variations within the loess hills and gully landforms, 
with an average elevation of 80―280 m above sea level. The annual mean temperature 
and rainfall are 14.6  and 583℃  mm, respectively. The rainfall is concentrated mainly 
between July and September and varies greatly from year to year[12]. The soil in the study 
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area is mainly derived from loess; it is fine in texture and weakly resistant to erosion. 
There are multiple species in this area such as Chinese date, P. guajava, D. quaesita, Pau-
lownia, etc. The natural vegetation has been destroyed by cultivation, and due to eco-
logical construction of recent years, many changes have taken place in the agricultural 
and forest landscape. 

 
Fig. 1.  Location and general situation of the study area on the Loess Plateau, China. 

2.2  Satellite image 

This project referenced two kinds of SPOT5 images (Scene ID: 5 276-280 02/11/08 
03:06:42 2 T), which are multi-spectral image and panchromatic image. Both of them 
had been geometric and radiometric preprocessing by data dealer at Level 1A in WGS 84. 
The multi-spectral image consisted of four spectral bands (B1 to B4). B1 (green: 0.50―
0.59 μm), B2 (red: 0.61―0.68 μm) and B3 (near infrared: 0.78―0.89 μm) had an initial 
resolution of 10 m. Band B4 (mid-infrared, 1.58―1.75 μm) had a resolution of 20 m and 
was resampled at 10 m using a nearest neighbor algorithm. The panchromatic image had 
generated from SPOT5 Super-mode technique, which allows an image sampled at 2.5 m 
to be produced from two panchromatic images of 5 m resolution taken simultaneously by 
two High-Resolution Geometric (HRG) instruments[13].  

2.3  Validation data 

In order to validate the final classification results, the checkpoint map was used to 
ground the truth data. The maps of checkpoints were generated in two ways: land-use 
maps and ground investigation data.  

Land-use maps printed in 2000 by the local government have been digitized to acquire 
information of farmland, forest, grassland, water, etc. We selected some point located in 
this unchanged area as truth data. Using GPS, some monitoring points were collected and 
used to generate the validation map. We assessed the accuracy for all output maps. 

2.4  Methods 

Traditional image classifying techniques are divided into five key components[14,15]:  
(1) Preprocessing of raw images; (2) classifying preprocessed images; (3) accuracy 
assessment; (4) post-classification processing; and (5) import classification result to GIS. 
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This routine method ignores the change of accuracy of the final thematic image caused 
by image post-processing. In this study, the additional step to assess the accuracy of the 
post-classification image was inserted between (4) and (5).  

(i) Pre-processing of raw images.  With the ground control points identified from 
1:10000 topological map and Digital Elevation Model (DEM), the panchromatic map 
has been corrected and the multi-spectral image was done. The total root mean square 
(RMS) error was limited in 0.4 pixels. The elevation information was required in the 
model for removing relief displacement. Panchromatic images with 2.5 m spatial resolu-
tion and multi-spectral images with 10 meters were fused.  

(ii) Classifying preprocessed images.  Land-cover classes were obtained for our 
monitoring purposes through referencing many thematic maps, such as vegetation maps, 
soil maps, investigation data of plots on the ground, and forest inventory databases. In the 
study area, there are forestland, farmland, shrub, grassland, and soil and water conserva-
tion measures (SWCM). Table 1 shows some characteristics of soil and water conserva-
tion measures identified on SPOT5. Because this study focuses on post-classification 
processing, we choose the common pre-classification, which is the supervised classifica-
tion with a Maximum Likelihood Decision (MLD). 

(iii) Accuracy assessment.  Accuracy assessments were determined using standard 
error matrices to calculate overall accuracy[16,17]. Table 2 shows the classification error 
matrix. 

Table 1  Identification criteria for soil and water conservation measures 
Categories Tone Texture Pattern 

Check dam light sharp lie in the valley centre, down slope 
Level step light smooth linear feature 
Rain water collectors light harsh along the road, on the rooftop 
Fish-scale pits light grey fine two-dimensional fine pattern 

 
Table 2  Classification error matrix of initial classification image 

Class type Forestland Farmland Grassland Shrub SWCM 
Forestland 786 145 95 56 7 
Farmland 136 872 69 76 16 
Grassland 82 78 566 37 15 
Shrub 36 66 18 788 25 
SWCM 12 18 9 36 309 
% Corr. 74.7 74.0 74.8 79.4 83.1 

Overall accuracy =76.6%, average class accuracy = 77.2%, kappa coefficient = 0.73 

 
(iv) Post-processing.  As expected, numerous isolated pixel or noise pixels appear in 

classified images. Hence, post-classification smoothing with a majority filter was neces-
sary to reduce unneeded detail and further improve the classification accuracy. 

First, using the clump function processed the classified image. The clump function 
was used to label each pixel in the images with a value indicating the size of the con-
tiguous cluster of pixels that contained the pixel. This function has 2 options for the way 
that pixel clusters can be defined: (1) only the adjacent 4 pixels in the cardinal directions 
are considered to be contiguous with the center pixel, or (2) all 8 neighbors of a given 
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pixel are contiguous with the center pixel. It appeared, upon visual inspection of a subset 
image that was clustered by each method, that the definition of the neighborhood might 
significantly affect the resulting filtered image. Therefore, images were clumped with 
both 4 and 8 contiguous neighbors in this study. 

Then, majority filtering was applied to the clumped images. In majority filtering, an 
n-by-m window is centered about each pixel in a given image. The value that appears the 
maximum number of times among the values lying within the window is the determined 
value. This output is placed at the location of the center pixel, where the window was 
centered. This procedure is then repeated and applied to every pixel in the image. We 
filtered the initial classified image using the different windows size (2×2, 3×3, 4×4, 5×5, 
6×6, 7×7, 8×8, 16×16, 32×32, 64×64, 128×128 pixels by pixels), and attained individu-
ally improved classified maps, each of which was assessed individually. 

(ⅴ) Area changes analysis.  From area histogram of each classified image, we calcu-
lated the area of each class type. Formula (1) was used to check the area difference com-
paring initial area of classified image.  
 ΔSi = (Vi−Ci)/Ci, (1) 
where ΔS is the area difference, Vi is the area of post-filtered image, Ci is the area of 
original image, and i is the processing order of different window size. 

(ⅵ) Accuracy assessment of post-classification image.  After post-processing by fil-
tering with different window sizes, we assessed the post-classification images again. (The 
same approach is in step 3). All classification error matrixes were created. 

3  Results 

3.1  Changes of the class type areas 

Fig. 2 shows the area change curve of all class types after majority filtering with dif-
ferent window sizes. Compared with the area of original classified image, the area of 
farmland and shrub class increases synchronously with the bigger filtering window size. 
The increase rate of farmland class’s area is quicker than shrub class’s. After 2×2, 4×4, 
8×8, 128×128 pixels filter, the area of farmland class will rise by 0.17%, 0.58%, 1.26%, 
8.29%, respectively. On the other hand, the area of forestland, grassland, and SWCM 
decrease with bigger filter window size. With particular emphasis on the and SWCM  

 
Fig. 2.  Area changes of class type by the majority filtering with different window sizes. 
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classes, after 128×128 pixel majority filtering, its area reduced to 27.85% of its original 
area. 

For this study area, we observed that both farmland and shrub patch are consistent and 
dominant. On the contrary, the spatial patterns of forestland, grassland, and SWCM are 
fragmental and scattered. As a result, we think that the area of dominant class will in-
crease and disadvantageous class will decrease with bigger filtering size. 

3.2  Image quality changes 

According to different window sizes, the original classified images were smoothed and 
the improved maps were generated, respectively. Fig. 3 shows some post-filtering images: 
(1) the original classified image, (2) majority filter by 5×5 pixels by pixels, (3) 16×16 
pixels by pixels, and (4) 32×32 pixels by pixels. From visual inspection, we found that 
noisy pixels were reduced and more smoothed when the window size grew bigger. In the 
images from 5×5 pixels majority filter processing, we cannot find the isolated pixels and 
small groups of pixels. However, some known targets disappeared after the 16×16 major-
ity filtering. In the final image of the 128×128 pixel majority filter, it is very difficult to 
find SWCM class; only forestland, grassland, shrub and farmland are left. 

 
Fig. 3.  Some images and distributions of class types after various window size majority filtering. (a) Original clas-
sified image (i.e., prior to filtering); (b) 5×5 pixels filtering; (c) 16×16 pixels filtering; (d) 32×32 pixels filtering. 

3.3  Accuracy variation 

In Fig. 4, with different window sizes majority filtering, the curves of overall and av-
erage accuracy variations were shown. We can see that both overall and average accuracy 
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were influenced significantly by the post-processing technique. The result shows the 
same trends with the area change in section 3.1. Both the accuracy of forest types and 
grass type were decline gently and SWCM decreased dramatically form 88.6% to 8.9%. 
In contrast, the accuracy of farmland and shrub increased from 72% to 99.6%, and 74.4% 
to 92.2%, respectively. For the curve of overall accuracy, the peak point existed while 
window size was between 4×4 and 6×6. Also the overall accuracy reached the peak point 
at a 5×5 pixel window size filtering. 

 
Fig. 4.  Changes of overall and average class accuracy after majority filtering by various windows sizes. 

4  Discussion 

In this study, we find that different window sizes of image smoothing caused a differ-
ence in overall and average accuracy, i.e. image smoothing with majority filtering could 
generate misclassification. Compared with the original classified image, we find that: (1) 
the area change of SWCM class type decreased remarkably, while that of farmland and 
shrub classes increased; and (2) the final classification accuracy was influenced deeply 
by filter window size. This phenomenon is closely related to the traits and spatial pattern 
of the SWCM in this study area. Farmland and shrub pixel groups are continuous and 
aggregative in the satellite image with a 2.5 m spatial resolution, in clusters larger than 
5×5 pixels. However, SWCM are discontinuous such that the classification detail of the 
parts of the image located in the valleys eroded at less then 6 pixels, i.e. 15 m. For exam-
ple, rainwater collectors built under the cliff were a small pixel group surrounded by a 
weeded area. After smoothing with the majority filter at a 5×5 pixel window size, rain-
water collectors in the farmland were removed, and farmland area was increased. Both 
level ditches and check-dams were also discontinuous pixel patterns. If the window’s size 
were larger, the area of SWCM would be less and be replaced by farmland and shrub. 

Smoothing with the majority filter is under ‘Window Majority Rule’, which deter-
mines the majority class value in a 5×5 pixels window and assigns it to the center pixel in 
the window. According to our investigation, most pixel groups of SWCM class type in 
this area are between 4×4 pixels (10×10 m size) than 6×6 pixels (15×15 m size). If the 
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window size is larger than 6×6 pixels, most information about check-dams and rainwater 
collectors got filtered out. On the other hand, filtering at less than 4×4 pixels caused a 
lower overall accuracy, because most noisy pixels belong to isolated pixels, 2×2 pixels 
groups and 3×3 pixels groups. Therefore, it was crucial that the majority threshold was 
set to 25 pixels for distinguishing noisy pixels from target’s pixels. 

These effects are consistent with previous research in which dominant map classes in-
creased and rare classes decreased, or disappeared entirely, when a simple majority filter 
was applied[11,18]. For example, using the IRS WiFs (Wide Field Sensor) satellite data, the 
3×3 majority filter was applied to removing salt-and-pepper appearance for the simula-
tion of landscape pattern and ecological processes in southern California plant communi-
ties. The WiFs satellite data has two bands―― Red and Near Infrared (NIR), with spatial 
resolution 188.3 m[10]. To develop an operational Landsat TM image classification pro-
tocol for Forest Inventory and Analysis (FIA) forest area estimation, the classified images 
were spatially post-processed using variations on a 3×3 majority filter and a clump and 
eliminate technique[19]. Using Landsat TM data (30 m) for vegetation map on the Loess 
Plateau, the 16×16 majority filter was suitable for removing salt-and-pepper pixels[20]. 
Furthermore, compared with the conventional window-based filtering method, an adap-
tive filtering method was developed. The noisy pixels are first located and then filtered 
based on the output of the pulse coupled neural network[21].  

For this study, depending on both visual inspection and accuracy assessment, we con-
sider that the optimal window size is the peak point of overall accuracy. We determined 
the 5×5 windows size, where we can get the highest overall accuracy of 84.4% at those 
parameters, was the optimal parameter for image filtering. In other words, 5×5 pixel ma-
jority filtering is optimal threshold for the SPOT5 2.5m image soil and water conserva-
tion project on the Loess Plateau. 

5  Conclusions 

This case study has shown that extracting information on SWCM, using high spatial 
resolution satellite images to monitor the status of ecological construction, must pay 
more attention to image post-processing techniques. Different parameters resulted in dif-
ferent final classification accuracies. For different regions and diversity images, we need 
to optimize the image processing parameter by the knowledge-based methods. SWCM 
information will lessen with the majority filter. Tests against reference data indicated an 
optimal window size between 4 and 6 pixels. A 5×5 window was chosen for ease of ap-
plication and to minimize bias. 
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