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Abstract: 
Inventories of past and present land cover changes form the basis for future conservation strategies and 
landscape management. In this study Landsat images of a mountainous area in Mexico are used in an object-
based and pixel-based image classification. The land cover categories with the highest individual classification 
accuracies determined with these two methods are extracted and merged into combined land cover 
classifications. Seven land cover categories were extracted and combined into single combined best 
classification layers. Comparison of the overall classification accuracies for 1999 and 2006 of the pixel-based 
(0.74 and 0.81), object-based (0.77 and 0.71) and the combined (0.88 and 0.87) classifications shows that the 
combination method produces better results. These combined classifications then form the input for change 
detection between the two years, by applying post-classification object-based change analysis using image 
differencing. It is concluded that post-classification object-based change detection analysis leads to an improved 
land cover change detection result with an overall accuracy of 0.77. This approach has the potential to be applied 
in similar mountain areas using medium resolution imagery for land cover change analysis. 
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1. Introduction 

Satellite images and aerial photographs form the basis for land cover classifications and 
change analyses since the early 1970s. During this period numerous unsupervised and 
supervised classification methods have been developed to derive standard land cover maps 
(Boyd and Foody in press). Pre- and post-classification change detection techniques such as 
image differencing, change vector analysis, image regression and image ratioing (Lunetta and 
Elvidge 1999; Berberoglu and Akin 2009) have been applied to quantify land cover changes 
from multi-temporal and multi-spectral datasets. Recently developed object-based classifiers 
are tested in combination with pixel-based classification on Landsat data in this study, in 
order to increase classification accuracies and to improve change analysis results. This is of 
particular interest for the mountain forests in northern Mexico, were land cover is rapidly 
changing, due to the natural dynamics of geomorphic processes and the interference of man. 
Forests clearance is here responsible for increased landscape fragmentation, which is an 
important reason for the decline in biodiversity and other key ecological functions (Turner et 
al. 1994; Vitousek 1994). Land use changes are thus potential threats to terrestrial ecosystems 
(Çakir et al. 2008; Harris 1984; Kilic et al. 2006). 

The detection of land cover changes using remote sensing techniques strongly depends on 
the spatial, spectral and temporal characteristics of the sensors used (Burnett and Blaschke 
2003). Pixel-based land cover classification methods, such as the maximum likelihood 
classifier, use the spectral information contained in individual pixels to generate land cover 
classes. This approach has recently been challenged because textural and topological 
relationships are not included in the classification process (Matinfar et al. 2007; Yan et al. 
2006). Object-based methods use contextual information such as texture and compactness, 
plus topological relationships to first generate image objects or segments, which are then 
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categorized using for example, the standard nearest neighbour classifier (Desclée and 
Defourny 2006; Geneletti and Gorte 2003; Smith 2008; Yu et al. 2006). The object-based 
method produces more accurate and robust classifications than the pixel-based method when 
using high-resolution imagery (Cleve et al. 2008; Corcoran and Winstanley 2008; Hájek 
2008). However, it has been shown that pixel-based land cover classification may sometimes 
outperform the classification accuracy results for certain land cover categories (see Flanders 
et al. 2003). In such cases a combination of the best classification results of both methods 
yields better results.  

The objective of this study is to apply a combination of pixel-based and object-based land 
cover classification for optimizing post classification change detection applied to multi-
temporal Landsat ETM+ satellite images of the Mexican Sierra Madre Occidental mountain 
region. The focus is on forest land cover changes, since (illegal) deforestation is a major issue 
in loss of biodiversity and species richness in this area. A comparison is made between the 
accuracy assessments of the pixel-based and object-based methods and the combined 
classification method. The resulting land use classification maps are used to improve change 
detection analysis.  
 
2. Study area 

The study area is located in the Sierra Madre Occidental, in the northern state of 
Chihuahua, Mexico (Figure 1). It comprises an area of 8404.57 km2 located within the 
107°56’24’’W-107°01’5’’W and 28°06’57’’N-27°16’58’’N coordinates. The main land cover 
of the area is pine forest and mixed pine-oak forest. The altitude ranges between 
approximately 650 m and 3300 m above sea level. The geomorphology is characterized by 
deeply incised steep canyons and contrasting low gradient slopes and broad interfluves, which 
results in a strong climatic gradient. The mean annual precipitation varies between 200 mm in 
the valleys to 2500 mm in the upper areas and the mean annual temperature ranges from -3°C 
to more than 22°C (Arriaga 2000). The region is recognized by the Conservation International 
Foundation (CIF) as an international biodiversity hotspot (CIF 2009) and is one of the most 
biologically rich regions in northern America. 

 
 

Figure 1. Study area location. Lighter colours reflect higher altitude  
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3. Methods 
3.1 Data Collection and Pre-Processing  

Two cloud free Landsat ETM+ datasets were downloaded from the Global Land Cover 
Facility database (www.landcover.org) from October 14, 1999 and October 17, 2006 (WGS 
84, UTM zone 13N, path 033, row 041) with a pixel size of 30 x 30 m for the spectral bands 
used. The images were orthorectified using a 30 m resolution digital elevation model (INEGI 
2009) in ArcInfo 9.3 (ESRI 2009). The false colour band combination 4, 3 and 2 was used in 
the pixel-based approach using Erdas Imagine v.7 (ERDAS Imagine 2010) , whereas all 
spectral bands were used in the object-based segmentation process, except for the thermal 
band 6. Using Definiens Developer v.7 (Definiens 2010). 

Seven land cover classes were distinguished for the classification process of the 1999 and 
2006 datasets, a) Coniferous forest, b) Scattered vegetation, c) Non coniferous forest, d) 
Water, e) Bare soil, f) Agriculture and g) Urban. Fifty field sites were visited in 2009 to 
inspect the land cover categories for use as training samples. These training samples were 
used as input information in order to train the Maximum Likelihood (ML, pixel-based) and 
Standard Nearest Neighbour (SNN, object-based) classifiers during the classification analyses 
(Campbell 2002). This resulted in six classified layers (3 per year). 
 
3.2 Image Classification process 

Traditional pixel-based image classification was applied to the 1999 and 2006 Landsat 
imagery using training samples of the seven land cover classes which were recognized in the 
field. ML classification was used because is recognized as an efficient parametric method for 
image classification (Bayarsaikhan et al. 2009; Bontemps et al. 2008; Kozak and Ostapowicz 
2008). The sample pixels for each of the land cover classes were selected in user specified 
regions with the 8-neighbourhood rule (Barsi 2000). The bands 2, 3 and 4 of the Landsat 
images were used as input data during the classification process.  

In the object-based classification method the Landsat images are first segmented into 
image objects that resemble landscape features. The following segmentation parameters: scale 
= 5, shape = 0.1 and compactness = 0.5, and a weight of 2 for the infrared layer resulted in a 
satisfactory visual match of image objects and landscape features which proved accurate 
during field visits in the spring of 2010.  

For this study the multi-resolution segmentation method was used (Baatz and Schäpe 
2000). This region merging technique has been successfully applied in similar mountainous 
regions (Dragut and Blaschke 2008; Gao et al. 2009). The Standard Nearest Neighbour (SNN) 
classifier was then used in the classification process. For the seven land cover classes, user-
specified image objects samples were selected on screen on the basis of field observations and 
by inspection of high-resolution imagery available in Google Earth (Google Earth v.5 2010) 
as additional reference data.  

The best classification results per category are then extracted from the object-based and 
the pixel-based classification results and merged into final combined land cover classification 
maps. The merging order first started with the forest classes and was then completed with the 
other categories in order of decreasing accuracy. The newly generated combined land cover 
maps contain the most accurate information for each of the datasets (1999 and 2006). ‘No 
data’ areas that appeared on the combined land cover maps are the result of edge mismatches 
between the areas covered by the various classes. These occasional small gaps were filled 
with cell values derived from the original object-based or pixel-based classified layer with the 
highest overall accuracy. The final result is a combined land cover classification map. 

 
3.3 Change Detection 

Post classification change analysis was selected in order to minimize possible effects of 
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atmospheric variations and sensor differences (Fan et al. 2007;  Lu et al. 2004; Yang 2002). 
The change detection analysis method of Zhou et al. (2008), which is based on comparison of 
polygons, was applied.  

The first step in the object-based change detection analysis is image segmentation to 
create an analysis layer that holds all the objects which are necessary for the change detection 
analysis. These objects are derived from both the 1999 and the 2006 combined land cover 
maps.  To prepare such a map, the 2006 ETM+ satellite image is used as an analysis layer for 
the segmentation, while the 1999 and 2006 combined land cover maps were used as thematic 
layers in polygon format during the segmentation process. The use of thematic polygon layers 
restricts the segmentation to the boundaries that separate different land cover classes. By 
setting the weight of the ETM+ Landsat image to ‘0’ only the information obtained from the 
thematic layers is used for the segmentation. 

In the second step, knowledge rules were developed to detect land cover changes by 
comparing all the polygons resulting from the segmentation process with the land cover 
classification layers of 1999 and 2006. Actual land cover changes occurred if a corresponding 
polygon has different land cover in the 1999 or 2006 thematic layers. This process was 
automated by using knowledge rules. The knowledge rules for change were structured as 
follows: ‘If “class name” in combined classification layer 1999 ≠ “class name” in combined 
classification layer 2006 then “change” to that cover class’. The knowledge rules for ‘no 
change’ corresponded to: ‘If “class name” in combined classification layer 1999 = “class 
name” in combined classification layer 2006 then ‘no change’ is recorded.  

 
3.4 Classification and change detection accuracy assessment 

The classification accuracy assessments of the resulting land cover maps was carried out 
by comparing samples of the classified layer and reference layer as described by Congalton 
(1991). Two hundred randomly generated points were used for comparing classified cells and 
reference cells in each of the pixel-based, the object-based and the combined classification 
methods. Fifty reference points were verified by field visits and 150 reference points through 
comparison with recent Google Earth imagery of 2007-2009. A total of 400 randomly 
selected polygons were used in the change detection accuracy assessment. 264 polygons for 
the “change” and 136 for the “no change” category. 
 
4. Results 
4.1 Classification Accuracy 

In Table 1a and 1b the results of the classification accuracy assessment is presented. The 
resulting maps of the “combined classification method” produced the highest overall accuracy 
values of 0.88 for 1999 and 0.87 for 2006. These results show that extraction and merging of 
the best-classified classes from the pixel-based and object-based methods produces a land 
cover map with improved accuracy in comparison to the individual object-based and pixel-
based classification methods. 

 
4.2 Change Detection Accuracy  

The classified dataset has a good classification agreement as shown by its Kappa statistics 
value of 0.56.  The Producer’s accuracy of 0.95 for the “no change” class and the User’s 
accuracy of 0.96 for the “change” class supported the reliability of the classification. The 
results showed that the majority of the “change” class objects were appropriately classified, 
however, 82 objects (31%), were wrongly classified as “no change. 
 
Table 1. Classification results for the pixel-based, object-based and the combination 
classification methods, 1999 (a) and 2006 (b). 
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a) 1999 Pixel-Based    
Object-
Based   Combination method 

  
User's          
Accuracy 

Producer's 
Accuracy 

User's 
Accuracy 

Producer's 
Accuracy 

User's 
Accuracy 

Producer's 
Accuracy 

Coniferous 0.88 0.98 0.89 0.70 0.88 0.98 
Scattered 0.64 0.92 0.76 0.84 0.86 0.92 
Water 1.00 0.83 1.00 0.83 1.00 0.83 
Non coniferous 0.87 0.93 0.67 0.71 0.87 0.93 
Bare soil 0.84 0.41 0.91 0.74 0.91 0.77 
Agriculture 1.00 0.06 0.57 0.71 1.00 0.88 
Urban 1.00 0.25 0.60 0.75 0.60 0.75 
Overall 
accuracy  0.74  0.77  0.88 
Kappa statistic   0.64   0.69   0.84 

b) 2006 Pixel-Based   
Object-
Based   Combination method 

  
User's 
Accuracy 

Producer's 
Accuracy 

User's 
Accuracy 

Producer's 
Accuracy 

User's 
Accuracy 

Producer's 
Accuracy 

Coniferous 0.90 0.92 0.85 0.86 0.94 0.89 
Scattered 0.68 0.75 0.44 0.78 0.88 0.83 
Water 1.00 0.60 1.00 1.00 1.00 1.00 
Non coniferous 1.00 0.60 0.43 0.60 0.80 0.80 
Bare soil 0.78 0.85 0.85 0.55 0.81 0.93 
Agriculture 0.50 0.10 0.83 0.50 1.00 0.40 
Urban 1.00 1.00 0.80 0.67 1.00 0.83 
Overall 
accuracy  0.81  0.71  0.87 
Kappa statistic   0.70   0.60   0.82 
 
4.3 Land Cover Change 

Most land cover changes are the result of urbanization, increased agricultural use and of 
wood logging. A summary of land cover change results is presented in Table 2. 
Approximately 5921 km2 (70.5 %) of the total study area (8404 km2) remained unchanged 
and 2483 km2 (29.5 %) has changed. Forested areas were subject to most reduction (Table 2).  

 
Table 2. "From-To" confusion matrix for the changes obtained from the LULC change 
analysis (km2).  
 

 
 

 

 

 

 
 

The original extent of the “Coniferous” forest (3271.1 km2) was reduced by 13% only by 
changes to the ‘Bare soil’ class. Moreover, 7.8% of the “Non coniferous” forest original area 
was also transformed to the ’Bare soil’ class during the period analyzed. The changes from 
’Forested areas’ to ’Bare soil’ are likely the result of (illegal) logging, which is an ongoing 
problem in the region (Gingrich 2005; Guerrero et al. 2001). Furthermore, over 1000 km2 of 
the ‘Scattered vegetation’ class was lost between 1999 and 2006 and mostly transformed into 
“Bare soil” and “Agriculture” (Table 2). Urban areas replaced 13.46 km2 of forested and not 
forested areas. The ‘Scattered vegetation’ class accounted for 3.48 km2 of this change, the 
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“Coniferous” class for 0.24 km2 and the “Non coniferous forest” class for only 0.0063 km2. 
These three classes together accounted for a reduction of 1475.91 km2 of forest in the region 
(Table 2). The reduction in cover area of the three forest types was also reflected in a decrease 
in the number of forest patches per class (Table 3). 

 
Table 3. Forest classes attributes and their change between 1999 and 2006. 

Forest class Coniferous Scattered vegetation Non-coniferous 
Class attributes 1999 2006 1999 2006 1999 2006 
Number of fragments 56413 45919 85054 77221 74617 38975 
Biggest fragment area (km2) 101.65 67.24 93.14 24.84 3.27 1.47 
Average fragments’ area (km2) 0.058 0.055 0.037 0.024 0.005 0.007 
Total class area (km2) 3271.11 2560.08 3166.92 1855.42 372.41 305.82 

 
5. Discussion  

The results of the combined land cover classifications using object-based and pixel-based 
techniques show that the two methods can be used to classify different land cover classes with 
accurate results in mountainous regions based on medium-resolution satellite imagery.  

The pixel-based approach rendered better results when classifying homogeneous areas 
such as the ‘Coniferous’ and  ‘Non-coniferous forest’ classes, which are more contiguous and 
have lower spectral variability, which was also observed by Flanders et al. (2003), The object-
based approach proved more effective for the classification of land cover categories with 
objects composed of mixed pixels, for example the “Bare soil” (Table 1). The combined 
classification approach has the advantages that only the classes with the highest classification 
accuracies of the pixel-based and object-based methods are used to construct a final land 
cover map. Wang et al. (2004) also obtained higher classification accuracies by applying 
object-based and pixel-based classification in mangrove areas using IKONOS 1-m. high-
resolution imagery. Studies of Flanders et al. (2003), Matinfar et al. (2007) and Yan et al. 
(2006), also suggest that a combined classification method may lead to optimization of land 
cover classification and change detection. The overall accuracy obtained for the land cover 
change map demonstrates the capabilities of the object-based approach for change detection. 
It is worth mentioning that the decrease in number of fragments for the three forest classes 
(Table 3) does not indicate a less fragmented landscape but shows the pattern of logging 
actions, in which the complete forest fragment and not just part is cut, thereby decreasing in 
this way the forested area and the number of forest patches.  
 
6. Conclusions 

The proposed method to prepare combined land cover change maps based on extraction 
and subsequent merging of land cover categories with the highest individual classification 
accuracies in the pixel- and object-based classification methods, leads to higher classification 
accuracies. The proposed method is useful and can be applied in terrain with irregular 
topography and variable spectral characteristic using medium-resolution imagery to improve 
the land cover classification accuracy. In addition, the accuracy of the land cover change 
detection analyses are also increased. 

The presented approach emphasizes that the extraction of land cover classes with 
different spectral, textural and topological characteristics by means of object-based and pixel-
based classification approaches may lead to improved workflows for land cover classification. 
Post classification object-based change detection of 1999 and 2006 Landsat ETM+ classified 
images using the combined pixel- and object-based classification methods leads to high 
change detection accuracies. This suggests that the combination of methods used in this study 
improve the land cover classification and change detection accuracy results in mountainous 
regions, when applied to medium resolution satellite imagery, such as Landsat ETM+. 
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