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ABSTRACT: 
 
When monitoring urban areas from space, change detection based on satellite images is one of the most heavily investigated topics. 
In the case of monitoring change in 2D, one major shortcoming consists in the lack of height change detection. Thereby only changes 
related to reflectance values or local textures changes can be detected. However, changes in the vertical direction are completely 
ignored. In this paper we present a new 3D change detection approach. We focus our work on the detection of changes using Digital 
Surface Models (DSMs) which are generated from stereo imagery acquired at two different epochs. The so called “difference image” 
method is adopted in this framework where the final DSM is subtracted from the initial one to get the height difference. Our 
approach is a two-step approach. While in the first step, reduction of the noise effects (coming from registration noise, matching 
artifacts caused by the DEM generation procedures, etc), the second one exploits the rectangular property of the building shape in 
order to provide an accurate urban area monitoring change map. The method is tested, evaluated and compared with manually 
extraction results over the city centre of Munich in Germany 
 
 

1. INTRODUCTION 

Change detection using automated image processing methods 
is a very important topic in satellite image processing. 
Numerous detection methods using various image types have 
been developed to satisfy a wide range of applications and 
user requirements (e.g. Singh 1989, Bruzzone 1997, Lu 
2004). One major problem often met when restricting the 
change detection to the 2D information extracted from 
satellite images, is the lack of monitoring height changes, the 
3D component of the surface to be analyzed. Thereby only 
changes related to the reflectance values and/or local textural 
changes are detected. However, changes in the vertical 
direction, such as building height changes are completely 
ignored. Such information could play an important role in 
different applications such as disaster assessment and urban 
area construction and/or destruction monitoring. Moreover, 
with the increasing availability of high resolution stereo 
imagery acquisition as well as the steady development of 
automatic DSM generation techniques (Zhang, 2005; Krauß, 
2007; Akca, 2007; d'Angelo, 2008), comparison of the higher 
resolution DSMs acquired at different epochs on a same 
urban area should provide valuable information about the 
potential changes that have occurred at higher levels (e.g. 
building construction/destruction).  
 
In the literature, several studies have been dedicated to the 
detection of changes using DSMs generated from stereo 
imagery. They can mainly be divided into two categories. 
The first change detection method is based on the joint-use of 
stereo and multi-spectral images (when they are available) 
and the generated DSMs are used in order to detect the 
changes that occur in the 2D space (spatial changes) as well 
as in the 3D space (height changes). In fact, the DSMs do not 
include spectral or textural information which could be of 

great help when the task is to perform an accurate change 
monitoring. For example, Sasagawa (Sasagawa, 2008) 
integrated the DSM-difference map with the multispectral 
satellite images as an input to manual interpretation. Krauß 
(2007) applied a vegetation mask derived from multispectral 
data to the DSMs in order to concentrate only on urban 
structure changes. The second change detection method is 
based on DSM difference (when stereo or multispectral data 
is not available like in the case of Laser DSMs). The changed 
areas are detected through a simple subtraction of one DSM 
from another. This approach has been used in several 
researches (Zhang, 2005; Reinartz, 2006; Akca, 2007) for 
DSM precision assessment tasks. However, in this category 
of 3D change detection, the quality of the generated DSMs is 
quite determining regarding the accuracy of the final change 
maps. In fact, miss-coregistrations and significant height 
differences that may arise between DSMs generated from 
different sources often results in the detection of virtual or 
irrelevant changes. In the work of Chaabouni-Chouayakh 
(2010) for example, post-processing steps such as 
morphological operations and contextual knowledge 
introduction have been proposed to remove virtual changes 
and to keep only the real ones.  
 
In this paper, we focus on the detection of urban area changes 
(building construction/destruction). Our work includes 
vertical change as well as horizontal change. In this paper, 
the vertical change means the changes in height direction, 
while horizontal changes mentions the changes in planimetric 
direction, especially to detect the changing size of the subject 
in x and �. For the vertical changes, we compute the so-called 
“difference image” (Singh, 1989; Fung, 1990, Bruzzone, 
2000) between two DSMs acquired over the city centre of 
Munich between 2003 and 2005. We adopt the robust image 
differencing method to eliminate the noise edges. After that, 
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different approaches have been adopted to highlight the real 
horizontal and vertical changes. For the horizontal changes, 
we apply an edge detection approach followed by a box-
fitting method in order to extract the real changes relative to 
the constructed/destructed building borders and remove the 
virtual ones coming from the different nature of the used 
DSMs. In the case of the vertical changes, we extract the 
height values of the changed objects based on a statistical 
method. Finally, the detection results are compared with the 
manual extraction records.  
 

2. APPROACH TO THE 3D CHANGE DETECTION 

2.1 Workflow of the proposed 3D change detection 

We aim at extracting height information from the stereo 
imagery, then generating a change-detection map that 
represents 3D changes between the two datasets.  We focus 
our research on noise reduction and change detection areas 
extraction.  
 
The overall workflow of the proposed 3D change detection 
method is shown in Figure 1. The first step consists in 
generating DSMs from two pairs of registered optical stereo 
imagery acquired over the same area (here the city centre of 
Munich) at two different epochs t1 and t2. In this paper, the 
DSMs are computed using the Semi-Global Matching (SGM) 
method (Hirschmüller 2008, d’Angelo 2008). A further co-
registration between the two resulting DSMs has been 
necessary to remove any shift in three dimensions that might 
exist between the two DSMs. After that, the “difference 
image” is produced where real changes are highlighted and 
the influence of the noise (or virtual changes) is reduced 
(sub-section 2.2). Then, this difference image is analyzed by 
means of building edge detection in order to retrieve the 
borders of the different constructed/destructed buildings. 
Both of the positive change (new constructed buildings) and 
negative changes (destructed places) in vertical and 
horizontal direction are extracted.  
 

Stereo Imagery 
(time1)

Stereo Imagery
(time2)

DSM1 DSM2

Change 
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Difference 
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Change 
Detection 

Map

Co- registration

 
Figure 1. 3D Change detection process proposed in this 

paper. 
 

2.2 Noise reduction 

A major problem to cope with during change detection is the 
reduction of different kinds of noise. In our research, the 
noise is defined caused from: 1) Mis-coregistration.  In 
practice, when two images are co-registered at sub-pixel 
accuracy, the true location of a pixel’s central point may be 

anywhere within the pixels surrounding the point (Goodchild 
et al., 1994, Guillermo et al., 2009). It is unlikely that the 
footprints of two coincident pixels of the DSMs correspond 
to the same area (Bruzzone et al., 2003). 2) Quality of the 
DSM. Due to the erratic variations of the stereo images 
acquisition conditions, the DSM that generated from stereo 
imagery has some missing information (called holes in the 
DSM) caused by the unsuccessful stereo image matching of 
corresponding pixels. If we analyse the DEM from the pixel 
level in the change detection procedure, the “holes” will be 
detected and displayed as noise in the difference image. 
Many noise reduction methods have been developed in the 
literature (e.g. Gong et al., 1992; Bruzzone et al., 2003; Im et 
al., 2005 and Guillermo et al., 2009), In this research, we 
assume that each pixel in the first DSM shows the least 
difference with its true corresponding pixel in the second 
DSM. Therefore, we have chosen the “robust image 
differencing" method proposed in the work of Guillermo 
(2009). The robust difference between the initial DSM 1x and 
the final DSM 

2x  for the pixel ),( ji , is defined as the 

minimum of differences computed between the pixel ),(2 jix  
in the final DSM and a certain neighbourhood (with size 
2*w+1) of the pixel ),(1 jix in the second DSM 1x . In 
mathematical words, the robust positive and negative 
differences ),( jiX Pdif and ),( jiX Ndif relative to the 

pixel ),( ji  are defined as written in equations (1) and (2), 
respectively: 
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(a)                                              (b) 

 
Figure 2. Noise reducing procedure: (a) Original image 

difference result; (b) Robust image difference result. 
 
Figure 2 shows a comparison between a simple pixel-to-pixel 
difference between the DEMs and a robust DEM difference. 
In Figure 2 (a), although the changed area are highlighted to 
some extend, the background is very noisy, which will 
because a problem in the change information extraction 
procedure. In contrast, after executing the robust image 
difference in Figure 2 (b), the noise in the background is 
successfully reduced, while the white areas, which are more 
likely to be real changed areas, are not influenced 
significantly. 
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2.3 Change areas extraction 

In binary change detections, one of the most important final 
steps consists in highlighting real positive and negative 
changes. For spectral images, a simple thresholding of the 
histogram has been widely used to stress real changes and 
remove the virtual ones (Bazi, 2005; Bovolo, 2006; Sen and 
Pal, 2009). While for the 3D change detection, in the DSM 
generation procedure, much information is already missing. 
Simple thresholding on the “difference image” will destroy 
the more original information. Therefore, automatic building 
extraction approach is adopted in our research. It can be 
divided into 3 steps,  
 
1) Edges extraction: In this step, the Canny edge (Canny, 

1986) extraction method has been adopted. As our focus in 
this work consists in the detection of the urban changed 
man-made structures (building construction/destruction), 
small edges will not be considered in our research.  

 
2) Mask generation: Since most of the Canny edges are open, 

and could not be filled automatically, we choose to close 
all of the edges with morphological algorithms. We fill 
each closed edge to single mask, which presents the 
changed area. 

 
3) Box-fitting based building shape refinement: In general, 

according to the quality of the original DSM data and also 
the edge detection and mask filling result, most of the 
edges are highly curved and much information is missed. 
Therefore, the building edges need to be refined so that 
they regain their sharp shapes. In this work, we used the 
box-fitting method proposed by (Sirmacek and Unsalan, 
2008). For this method, we need seed points, which show 
the location of the changed building; the edges which 
control the size of the box for the changed building; and 
also the automatic box growing direction and stop 
condition. In our research, we locate the seed points in the 
centre of each mask that is generated in step 2. Only the 
original edges around each buffered mask area are 
considered to be the edge of this building.  

 

       
(a)                                 (b) 

       
(c)                                 (d) 

 
Figure 3. Change areas extraction: (a) Robust difference 
image; (b) Edges extraction; (c) Changed building masks 
generation; (d) Box-fitting-based shape refinement of the 

changed areas. 
 

Figure 3 summarizes the results of the already described steps 
when applying our changed areas extraction on a subset from 

the original difference image of Figure 2 (b) that is depicted 
in Figure 3 (a). Figure 3 (b) shows the edges extraction 
results where only important edges are kept (small edges are 
removed). The mask generation output is displayed in Figure 
3(c). The result of the box-fitting method is depicted in 
Figure 3 (d) where a more refined version of the changed 
objects is obtained. 
 
In the change value extraction procedure, the horizontal 
change can be easily calculated according to the pixel 
numbers of the mask area and the DSM resolution. In order 
to get only one vertical change value

iC  for each 
constructed/destructed building defined by

iMask or box-
fitting result. We average the pixels values in the “difference 
image” belonging to the same changed object, and define this 
value as the vertical change of each building. In the following, 
we exclude all pixels, which have ‘0’ value (no height in the 
changed area), very low values or very high values and could 
therefore be artifact change, so that these pixels will not be 
involved in the mean value calculation procedure. As 
displayed in Figure 4, only the middle part (gray colour filled) 
of the height difference values are used.  
 

  
Figure 4. Vertical change value extraction strategy. 

 
3. EXPERIMENTAL RESULTS 

3.1 Description of the data  

In order to evaluate the performance of our approach, we 
have chosen the city centre of Munich in Germany as study 
site. Two DSMs from two different epochs have been used to 
detect the potential changes. The first DSM (called in the 
following as IKONOS-DSM) is computed from IKONOS in-
orbit stereo imagery (level 1A, viewing angles +9.25° and –
4.45°) with one meter spatial resolution, acquired in July 
2005. It has been generated using the Semi Global Matching 
(SGM) algorithm implemented at DLR (d’Angelo, 2009). 
Due to the lack of another stereo pair, the second one we use 
instead a DSM which is generated from a LiDAR point cloud 
data acquired in February 2003 (called in the following as 
LiDAR-DSM). 
 

  
(a)                                             (b)  

 
Figure 5. DSMs of the city centre of Munich: (a) LiDAR-
DSM (2003); (b) IKONOS-DSM (2005), vegetation cover 

removed. 
 

Since the LiDAR data used in this work is generated from the 
last return pulses, which represent the bare earth terrain, the 
vegetation cover information is almost fully removed. 

MinValue 
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Therefore, changes at the vegetation level could not be 
detected. In order to focus on the urban changes, a vegetation 
mask, computed from the IKONOS multispectral data, has 
been used. This mask has been generated using the 
Normalized Differenced Vegetation Index (NDVI). Figure 5 
displays the two DSMs used in this article after removing of 
the vegetation area applying the vegetation mask. 

 
3.2 Generation of the difference image. 

Following the procedure described in subsection 2.2, after the 
co-registration of the two DSMs depicted in Figure 5, we 
apply the “robust difference” approach to calculate the 
difference images, where noise has been reduced and changes 
can be better analyzed. As we can see from Figure 5, in the 
LiDAR-DSM, the building edges are sharper than in the 
IKONOS-DSM. Therefore, we choose a 7×7 window (w=3 in 
equations (1) and (2)) in the noise reduction procedure for 
this evaluation. 
 
Both the positive (which highlights the new constructed areas) 
and negative difference image (which highlights the 
destroyed areas) were generated in this step. Figure 6(a) 
displays the positive robust image difference obtained when 
applying a 7×7 window in the noise reduction step. The dark 
blue colour means no change, and the light blue colour 
corresponds to height changes of about 20 meters.  
 
3.3 3D change detection maps 

The different steps of the proposed 3D change detection 
method applied to the city centre of Munich are displayed in 
Figure 6. Figures 6 (a-c) present the positive change results. 
The positive difference image is displayed in Figure 6 (a). 
The corresponding change mask is shown in figure 6 (b). 
Figure 6 (c) depicts the final change detection map, under the 
assumption that each building has only one height value, 
computed as described in subsection 2.3. As can be seen from 
the change detection results, 6 new buildings are detected. 
The buildings No.4 and 5 are detected as one building in the 
mask map (showed in figure 6(b)), due to errors in the DSM 
generation procedure. To separate the two buildings, in the 
box-fitting procedure, we extract two seed points in this area 
based on image eroding result. And we use the original edges 
in the box growing procedure, so the image eroding will not 
influence the accuracy of the result. 
 
The same steps have been adopted to detect the negative 
changes (presented in figures 6 (d-f)). According to the 
negative change detection results, four building masks are 
detected. But three of them are in strange shape, with relative 
low height values. Also, the box-fitting procedure fails in 

fitting these buildings to regular rectangular shape. This 
suggests them to be false alarms (as shown in Table 1). 
Therefore, only one building is remaining in the negative 
change map. 
 

      
                      (a)                                          (d) 

           
                     (b)                                           (e) 

     
                    (c)                                           (f) 

 
Figure 6. Change detection results: (a) Positive difference 

map; (b) Positive change mask; (c) positive change map; (d) 
Negative difference map; (e) Negative change mask; (f) 

Negative change map 
 

4. RESULTS AND DISCUSSION 

In order to allow a quantitative evaluation of the effectiveness 
of the presented methods, and also to study the influence of 
the building shapes on the change extraction procedure, we 
compare the mask-based change maps to the box-fitting 
based ones. A manually annotated change map has also been 
included in the evaluation scheme:  
 

Table 1. Change Detection Result Comparison 
 

Mask-Based Box-fitting Based Manual Extraction No. Change Type 
Height [m] Area [m2] Height [m] Area [m2] Height [m] Area [m2] 

1 Positive change 19.58 3247 19.80 3077 22.0 2788 
2 Positive change 19.10 491 16.46 576 17.00 465 
3 Positive change 18.97 3344 19.10 3748 18.8 3694 
4 Positive change 19.55 1818 19.2 1377 
5 Positive change 18.78 2553 16.97 18.26 1093 2911 16.6 17.90 912 2289 

6 Positive change 18.64 1683 18.69 1409 20.2 945 
7 Negative change -33.72 762 -32.42 800 -36.0 1007 
8 Negative change -6.2 1044 ---- ----  ---- 
9 Negative change -6.43 578 ---- ----  ---- 
10 Negative change -6.30 565 ---- ----  ---- 

1 

2 
3 

4 
5 6

7 

8 

9 
10 
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      Figure 7. Vertical Change Detection Result Comparison                Figure 8. Horizontal Change Detection Result Comparison  
 
• For the annotation of the horizontal changes (areas of the 

changed objects), the areas of the positive (resp. negative) 
changed objects have been manually extracted using the 
original IKONOS panchromatic channel (resp. using the 
LIDAR DSM data).  

 
• For the annotation of the vertical changes (height of the 

changed objects), we extract the height value in the 
changed area from each DSM manually, and calculate the 
difference. 

 
The final change detection results are summarized in Table 1. 
To compare the two automatic detection result and manual 
extraction result, we show the vertical and horinzontal change 
extraction result separately in Figures 7 and 8(For the 
negative changes, we use the absolute values in Figure 7). As 
the 4th and 5th changes could not be separated in the detected 
mask, we consider them as one changed object in the 
comparison procedure. Also false alarms are omitted in our 
comparison scheme. According to the error bars (get from the 
standard deviation of the height value distribution in the 
mask area), the detected vertical changes fit well with the 
manual extraction result. For the 1st building, the manual 
extraction result shows relatively larger difference with both 
the mask based and box-fitting based automatic extraction 
result. In order to explain such behaviour, we compare the 
generated DSMs to the IKONOS panchromatic image. As 
showed in Figure 9, the IKONOS-DSM in this area has poor 
quality, resulting in 3 big holes in the middle of the building, 
and the building shape is strongly transformed. This explains 
well the large height difference found between our change 
maps and the manual extraction one. 
 

   
(a)                             (b)                         (c) 

   
(d)                           (e) 

 
Figure 9. 1st changed building analysis: (a) LiDAR-DSM; (b) 

IKONOS-DSM; (c) IKONOS-PAN-2005; (d) Mask with 
IKONOS-DSM; (e) Masks with the IKONOS-PAN-2005 

In the Figure 9 (d-e), the red mask represents the masked 
shape, while the blue rectangle is the extracted change 
building shape after box-fitting. We can see that the mask fits 
well with the building area in IKONOS-DSM, but has quite 
large difference with IKONOS-PAN-2005, after the box-
fitting, the right parts of the outliers are successfully 
recovered. But the result is limited by the rectangular shape 
assumed in the box-fitting procedure, which displayed by the 
false alarm pixels in the left upper part inside the blue colour 
rectangle. Those situations conduct the relative lower vertical 
changes, while higher horizontal changes in the extraction 
results.  

 
5. CONCLUSION 

In this paper, a 3D change detection approach based on 
DSMs is proposed and evaluated to detect changes that have 
occurred in the city centre of Munich between 2003 and 
2005.  
 
The whole procedure is divided into 3 steps. First, we 
generate and co-register DSMs acquired at two different 
epochs. Then, we compute the “robust difference images” in 
order to reduce the noise coming from the different nature of 
the DSMs used. In fact, the random variations of the stereo 
images acquisition conditions as well as the blunders caused 
during the automatic matching and DEM generation process 
makes urban structures look different from one DSM to 
another, especially for building walls and edges. As our focus 
in this paper is the monitoring of urban changes, noise 
reduction is essential. After that, we generate the change map 
with both vertical and horizontal change information. To 
overcome the poor quality of the DSM, we refine the changed 
buildings to rectangular shape. To confirm the validity of our 
approach, we compare our results with manual extracted 
ground truth figures. 
 
It has been shown that DSMs generated from optical stereo 
imagery could be reliable sources for efficient 3D change 
detection. The extracted change maps demonstrate the ground 
surface changes in most parts of the test areas. But when the 
DSM does not meet the required quality and can not show the 
real situation, the result will be influenced. In addition, only 
rectangular building shapes have been considered in our 
refinement procedure, the change results will certainly 
improve when more building shapes are included. 
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