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Abstract. In the object oriented classification, object information extracted from multi-source remote 
sensing imagery can be integrated to improve the accuracy and reliability of acquired remote sensing 
information. Before extraction information from multi-source image, the objects should be geometrically 
located on them. The geometrical location of objects mainly consists of three steps: the extraction and 
representation of objects, the pre-processing of different spatial resolution images and the transferring of 
objects. Each of these steps may lead to uncertainties. This paper investigates and analyzes the geometrical 
uncertainty of object and its influence on the extracted features and the classification accuracy. Different 
transferring methods may cause different uncertainty and the uncertainty of boundary pixels is the main 
source of the geometrical uncertainty. In this paper, two transferring methods of the objects are used: 
transferring of the raster objects and transferring of the vector objects. To analyze its influence on the 
extracted features, spectral features, NDVI (normalized difference vegetation index) and energy are 
calculated in two feature extraction methods for comparison. One method is based on all the object pixels and 
the other is based on the inside pixels without the boundary pixels. To analyze its influence on the 
classification accuracy, the extracted features are used to classify the objects with Bayes maximum likehood 
classifier. The results show that the influence of the geometrical uncertainty is small and inconstant. To avoid 
the instability caused by the geometrical uncertainty, the method of transferring the raster object without 
considering the influence of the boundary pixels may be more suitable in practice.  
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1. Introduction 
The integration of multi-source remote sensing data can reduce the uncertainty inherent in remote sensing 
data, and the object-oriented multi-source remote sensing imagery processing technology becomes a research 
hotspot currently. Before information extraction from multi-source images, objects should be geometrically 
located on them. In general, objects are geometrically located on multi-source remote sensing images by 
transferring objects which are extracted from the high spatial resolution remote sensing image (HSRI). In the 
geometrical location of objects there are multiple unknown uncertainties. This paper investigates and 
analyzes the geometrical uncertainty of object and its influence on the extracted features and the 
classification accuracy. It mainly consists of four parts: analysis of the geometrical uncertainty of objects 
(section 2); the influence of the uncertainty caused by the transferring of objects on the object features 
(section 3); the effect of the uncertainty to the classification (section 4); conclusions (section 5).  

2. Geometrical uncertainty of objects 
The geometrical location of object consists of three steps: the extraction and representation of object in the 
high spatial resolution image (HSRI); the pre-processing of different spatial resolution images; the 
transferring of basic object to the pre-processed images. There are uncertainties in each of these steps. The 
following texts give the illumination of each step and the analysis of the involved uncertainties. 

2.1. Extraction and representation of object 
One common solution to the object extraction is image segmentation of HSRI. However, the segmented 
object boundaries more or less differ from the ground object boundaries in the image. To extract 
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semantically significant objects in HSRI the objects are extracted manually.  
Then objects are represented by both vector and raster format for the convenience of object transferring 

among multi-source images. The raster object is represented by recording all the boundary pixels of the 
object and the vector object is represented by recording nodes which are acquired from the raster boundary. 

Because there are mixture pixels on the boundary, boundary pixels are uncertain. And the uncertainty of 
the boundary pixels will be propagated in the latter processing.  

2.2. Pre-processing of different spatial resolution images 
To integrate low spatial resolution images (LSRI) with HSRI, geometrical correction or registration between 
multi-source images should be done firstly, which leads to position uncertainty. Then two methods are used 
to pre-process LSRI. Method 1: the LSRI is only geometrically corrected according to HSRI without 
changing its resolution. Method 2: LSRI is resampled to get the same spatial resolution as HSRI after 
geometrical registration. In method 1, LSRI is not resampled and the gray value of pixels will not change. In 
method 2, LSRI is resampled and the gray values of the pixels are changed by interpolation. 

Above all, both of the methods bring uncertainty into the pre-processed LSRI. In the following 
acquirement of objects, not only the geometrical location but also the gray value of the object will be 
influenced by the pre-processing.  

2.3. Transferring of objects 
After the pre-processing of images, the corresponding object can be achieved by transferring the objects on 
HSRI to these images. As mentioned above, objects are recorded in both vector and raster format, so there 
are two kind of transferring methods: transferring of raster object and transferring of vector object.  

The raster object is transferred from HSRI to the geometrically registered LSRI of the same spatial 
resolution, because the object geometrical location on the LSRI can be directly acquired by overlaying the 
raster object on the HSRI. In this method, because LSRI is sampled, the gray value of the pixels on the object 
changes. And the gray value of the inside pixels changes less than the gray value of boundary pixels, because 
the gray value of the boundary pixels which lie on the boundary between different objects is more likely to 
be affected by interpolation.  

The vector object is transferred from HSRI to the geometrically corrected LSRI of different spatial 
resolution. In this method, the coordinates of pixels on the geometrically corrected LSRI must be calculated 
according to the geometrical relationship between them firstly. After the boundary pixels are calculated and 
geometrically located on LSRI, the inside pixels of each vector polygon are decided.  

2.4. Workflow of the object geometrical location methods  
The workflows of two geometrical location methods are shown in Figure 1. In the first two steps of the 
methods, the geometrical uncertainties are caused by two factors: one is the geometrical uncertainty in the 
object representation; the other is the errors from the geometrical pre-processing. In the transferring of 
objects, because the boundary pixels are the links between two images, the geometrical uncertainty is mainly 
caused by the uncertainty of geometrical location of the boundary pixels. To analyze the effect of the 
geometrical uncertainty caused by transferring of objects, the objects extracted manually from HSRI are used 
as the basic objects and the effect of the uncertain factor of geometrical pre-processing is limited and can be 
eliminated by controlling the error in 0.3 pixels.   

 

 

 

 

 

 

 

 

Fig.1: Workflow of the object geometrical location methods 
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3. Influence of the uncertainty on the object features  
3.1. Feature extraction  
In the object-oriented multi-source imagery processing system, the integration of multi-source images will 
provides many kinds of features, including spectral features, texture features and so on. These features can be 
extracted to produce a lot of new image layers. Object features can be extracted from these image layers for 
latter processing.  
Commonly, within an image object, let X be the pixels set of the object, all kind of statistics based on single 
input layers or combinations within the input image layer stack can be computed. e.g. the ratio of the mean 
values of two input channels A and B (

ABrf ) is calculated by Equation 1:  
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Where, x is the pixel set which equals to X;  
n is the number of pixels in x;  
i is the sequential number of pixel in x;  
xi is the ith pixel in x; 
p (xi) is the pixel value of xi. 
In equation 1, features are calculated based on all the points of the object without considering the 

geometrical uncertainty. To eliminate its influence, uncertainty considered features (UCF) are calculated 
based on the inside pixels of the object excluding the boundary pixels as shown in Equation 2.  
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Where, x is the pixel set which belongs to X excluding the boundary pixels;   
n is the number of pixels in x; 
i is the sequential number of pixels in x;  
xi is the ith pixel in x; 
p (xi) is the pixel value of xi. 

3.2. Experiment 
In the feature extraction experiment, the CBERS-02B images, which include a high spatial resolution image 
and a multi-spectral image, are used. The spatial resolution of the HSRI is 2.36 m and the spatial resolution 
of multi-spectral image is 19.5 m. And the four bands of the multi-spectral image are blue, green, red and 
near-infrared. The test images are located at the suburb of Wuhan city in Hubei province in China, the image 
size is 1250×2030. The land investigation shows that the main land-use type includes resident site, water 
field, dry land, woodland, pond, road, and acequia.   

To analyze the influence on different feature types, three kinds of feature layers including the original 
band layers, NDVI (normalized difference vegetation index) layer and texture layers calculated by gray level 
occurrence matrix (GLCM) are used. In order to simplify the experiment, the energy is chosen to stand for 
texture features. The procedure of the experiment contains three steps: data preparation, object extraction and 
location, object feature extraction. 

In the process of data preparation, the multi-spectral image is geometrically pre-processed by the two 
methods proposed in section 2.2 to get the geometrically registered (QR) and geometrically corrected (QC) 
images firstly. The error of the geometrical pre-processing is controlled in 0.3 pixels. For the experiments of 
texture features extraction, the GLCM texture layers calculation parameters are set. The window size is set as 
3×3, the gray level is compressed to one eighth of the original image gray level, band 2 of the geo-corrected 
image and band 3 of the geo-registered image are used to extract the texture layers. Then NDVI and energy 
are calculated on QR and QC, and the image layers are divided into two groups. One is image layers of the 
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same spatial resolution as HSRI, named as LS; the other is image layers of the lower spatial resolution, 
named as LL. Each group of the image layers contains seven layers including the original spectral feature 
layers, the calculated NDVI, and energy feature layers. The image layers of LS and LL are shown in Figure 2 
and Figure 3 respectively. 

Six kinds of land-use objects are extracted on HSRI by visual interpretation as test dataset, including 45 
ponds, 30 ponds with vegetable, 47 water field, 44 dry lands, 44 resident sites and 18 woodlands. And they 
are represented in both vector and raster formats. Then, the objects are transferred to get the geometrical 
location of objects on each group of image layers. In the experiment, objects are transferred in raster format 
to LS while objects are transferred in vector format to LL. 

At last, object features of each group of image layers are calculated by Equation 1 and Equation 2. For 
each kind of object feature there are four kinds of features which are calculated by the combination of the 
two Equations and the two groups of image layers.  

 

   

Fig.2: image layers of LS: multi-spectral image, NDVI layer, energy layer (from left to right) 

   

   Fig.3: image layers of LL: multi-spectral image, NDVI layer, energy layer (from left to right) 

3.3. Comparisons and analysis of Features 
To measure the difference of feature values, the difference percentage (DP) is proposed in this paper. It 
represents the percentage that the difference value of the datum feature value. It is calculated by Equation 3. 

b

mnij
mnij f

ff
ffdp

−
=),(  (3)

Where, f is the sign of feature name;  
ijf is the feature value of f calculated by equation i on the corresponding image layers which is signed by j;  

i ∈ {1, 2}, 1 means equation 1, 2 means equation 2; 
j ∈ {1, 2}, 1 means the LS, 2 means the LL; 

bf is the base feature value of f. 
To analyze the influence of the geometrical uncertainty caused by object representation and geometrical 

pre-processing, features calculated by Equation 1 on the different image layers are compared. And because 
the texture features on different spatial resolution image layers are incomparable, the energy is not included. 
The statistic mean values of features and the difference between them for each class are listed in table 1and 
table 2. In table 1 NDVI are linear stretched to 0-255. 
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From table 2, we can see that the difference is very small. Considering that the pixels on LL are not 
resampled, the features extracted on LL is taken as the basic features to calculate dp(B111, B112), 
dp(B211,B212), dp(B311,B312), dp(B411,B412) and dp(NDVI11, NDVI12) by Equation 3 for all the objects. 
Statistic results of them are shown as frequency histogram in Figure 4. In Figure 4, the horizontal axis is the 
range of DP value, and the ordinate axis is the frequency of DPs whose values lie in the range. The figures 
show that DPs of spectral features are mostly lower than 3%, and the DPs of NDVI is mostly lower than 8%. 
Therefore, the influence of the geometrical uncertainty caused by object representation and the geometrical 
pre-processing is very small. And in the latter comparison of these features, the influence of them may be not 
taken into account.  

Table1.Statistic mean values of features 

B1(band 1) B2(band2) B3(band 3) B4(band 4) NDVI  

B111 B112 B211 B212 B311 B312 B411 B412 NDVI11 NDVI12

Pond 39.8073 39.8854 30.0323 30.0754 42.3920 42.6419 34.1406 34.3135 86.6917 83.5963

Pond with vegetable 41.3620 41.3504 31.8756 31.8894 45.8727 45.9306 38.5604 38.9102 97.0227 95.6970

Water field 42.1064 42.1093 33.4405 33.4453 49.8555 49.8624 54.0518 54.1689 141.859 140.907

Dry land 40.2746 40.3257 31.5514 31.5647 47.1579 47.1905 49.2054 49.1865 137.171 135.502

Resident site 41.3072 41.2001 32.4600 32.3679 49.1567 49.0007 49.5024 49.2236 130.856 128.740

Woodland  39.3945 39.4521 30.9188 30.6908 45.2378 45.2243 49.1509 48.7052 144.844 141.902

Table2.Difference of the mean values of features  

 Dif_B1 Dif_B2 Dif_B3 Dif_B4 Dif_NDVI 

Pond -0.0781 0.0431 0.2499 0.1729 -3.0954 
Pond with vegetable 0.0116 0.0138 0.0579 0.3498 -1.3257 
Water field -0.0029 0.0048 0.0069 0.1171 -0.952 
Dry land -0.0511 0.0133 0.0326 -0.0189 -1.669 
Resident site 0.1071 -0.0921 -0.156 -0.2788 -2.116 
Woodland  -0.0576 -0.228 -0.0135 -0.4457 -2.942 

To analyze the influence of the geometrical uncertainty caused by the transferring of objects, two data 
sets are compared. Firstly, features calculated by equation 1 and equation 2 are compared on LS and LL. To 
simplify the analysis, objects of the class “pond” are taken as the representative. The statistic results of 
features of class “pond” are shown in Figure 5. On the pictures, the horizontal axis is the sequential number 
of the object samples, and the vertical axis is the feature value calculated by two equations. From them we 
can see the difference of each feature on LL is more volatile than on LS. Therefore, the influence of 
geometrical uncertainty caused by boundary pixels on the spectral features on LL is larger than its influence 
on LS. This may be caused by interpolation of the gray values of pixels on LS, which will reduce the 
difference between the gray values of the inside pixels and boundary pixels of each object. 

Secondly, the mean values of features of each class are calculated on LS and LL for comparison. Figure 
6 shows four bar charts of the mean value of features, they are named as bar chart 1,2,3,4. In each bar chart, 
there are twelve series named as the class name plus the sequential number of equation i. i∈ {1, 2}. Take 
pond (1) and pond (2) for example, pond (1) represents the mean value of features calculated by Equation 1, 
and pond (2) represents the mean value of features calculated by Equation 2. And the horizontal axis 
represents the feature types; the vertical axis represents the mean values of each kind of feature. In bar chart 
1 and bar chart 2, the mean values of spectral features on LS and LL are shown. On the horizontal axis, 
number 1,2,3,4 represent band 1, band 2, band 3, and band 4 respectively. In bar chart 3 and bar chart 4, the 
mean values of NDVI and energy on LS and LL are shown. On the horizontal axis, number 1, 2 represents 
NDVI and energy respectively.  

As shown in figure 6, on the one hand, the mean values of the spectral features and NDVI for each class 
are stable and for each feature the difference between the mean values calculated by equation 1 and equation 
2 on LL is larger than that on LS, which may be caused by the interpolation of the gray value of pixels. 
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Fig.4: Frequency histograms of dp(B111, B112) dp(B211,B212) dp(B311,B312) dp(B411,B412) and dp(NDVI11, NDVI12) 

On the other hand, in bar chart 3, the distribution range of the mean values among different classes is 
[234.845, 241.487], which indicates that the texture of each class on LS is similar; while in bar chart 4, the 
distribution range of the mean values among different classes is [121.666, 188.177], which indicates that the 
texture of each class on LL is various. The difference of texture on LS and LL indicates that the influence of 
the resampling is larger than the influence of the geometrical uncertainty caused by boundary pixels on the 
texture.  

Fig.5: features of class pond on LS and LL 
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In conclusion, the influence of the geometrical uncertainty caused by the boundary pixels is quite small 
and inconstant to different objects. And the influence of the resampling of image may cover up the influence 
of the geometrical uncertainty. For spectral features and NDVI, the influence of resampling is not very 
apparent, but for texture features like energy its influence may be quite large.  

4. Influence of the geometrical uncertainty on the classification 
To analyzing the influence of the geometrical uncertainty on classification, spectral features and NDVI are 
used for classification. In the classification, test objects of each class are divided into the training and testing 
objects; the spectral features and NDVI of each object are calculated by different methods on different image 
layers. The Bayes maximum likehood classifier is used to classify the testing objects.  

Then, we group the class “pond” and class “pond with vegetable” as one class “Pond”, class “water 
field” and “dry land” as one class “farmland” to statistic the classification accuracy. The classification 
accuracy is shown in table 3. 
 

spectral feature map on LS

25

27

29

31

33

35

37

39

41

43

45

47

49

51

53

55

1 2 3 4

pond(1) pond(2) pond with vegetable(1)

pond with vegetable(2) water field(1) water field(2)

dry land(1) dry land(2) resident site(1)

resident site(2) woodland(1) woodland(2)

spectral feature map on LL

25

27

29

31

33

35

37

39

41

43

45

47

49

51

53

55

1 2 3 4

pond(1) pond(2) pond with vegetable(1)

pond with vegetable(2) water field(1) water field(2)

dry land(1) dry land(2) resident site(1)

resident site(2) woodland(1) woodland(2)  
NDVI and Energy feature map on LS

80
90

100
110
120
130
140
150
160
170
180
190
200
210
220
230
240
250

1 2

pond(1) pond(2) pond with vegetable(1)

pond with vegetable(2) water field(1) water field(2)

dry land(1) dry land(2) resident site(1)

resident site(2) woodland(1) woodland(2)

NDVI and Energy feature map on LL

70
80
90
100
110
120
130
140
150
160
170
180
190
200
210
220
230
240
250

1 2

pond(1) pond(2) pond with vegetable(1)

pond with vegetable(2) water field(1) water field(2)

dry land(1) dry land(2) resident site(1)

resident site(2) woodland(1) woodland(2)

Fig.6: Spectral NDVI and energy feature map on LS and LL 

Table3. Classification accuracy of each method 

 Pond Farmland Resident site Woodland 

LS1 83.3% 52.6% 72.2% 75% 

LS2 83.3% 52.6% 72.2% 75% 

LL1 90% 44.7% 55.6% 62.5% 

LL2 90% 50% 44.5% 87.5% 

From table 3 we can see that on LS the classification results based on features calculated by different 
methods are stable, the influence of the geometrical uncertainty caused by boundary pixels is not apparent, 
which may be caused by the influence of the resampling; whereas on LL, the classification result of different 
class is changeable, the influence of the geometrical uncertainty is very apparent.    
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Therefore, we get the conclusion that the geometrical uncertainty caused by boundary pixels impacts the 
classification, and its influence is inconstant. To avoid the instability caused by the geometrical uncertainty, 
the method of transferring the raster object without considering the influence of the boundary pixels may be 
more suitable in practice.  

5. Conclusion 
This paper investigates and analyzes the geometrical uncertainty of object and its influence on the extracted 
features and the classification accuracy. The results show that the influence of the geometrical uncertainty is 
small and inconstant. To avoid the instability caused by the geometrical uncertainty, the method of 
transferring the raster object without considering the influence of the boundary pixels may be more suitable 
in practice. 
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