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Abstract. Building models are built to provide three-dimensional (3-D) spatial information, 
which is needed in a variety of applications including city planning, construction management, 
location-based services of urban infrastructures, and the like. However, 3-D building models 
have to be updated on a timely manner to meet the changing demand. Rather than 
reconstructing building models for the entire area, it would be more convenient and effective 
to only update parts of the areas where there were changes.  This paper aims at developing a 
new method, namely double-threshold strategy, to find such changes within 3-D building 
models in the region of interest with the aid of light detection and ranging (LIDAR) data. The 
proposed modeling scheme comprises three steps, namely, data pre-processing, change 
detection in building areas, and validation. In the first step for data pre-processing, data 
registration was carried out based on multi-source data. The second step for data pre-
processing requires using the triangulation of an irregular network of data points collected by 
Light Detection And Ranging (LIDAR), focusing on those locations containing walls or other 
above-ground objects that were ever removed. Then, change detection in the building models 
can be made possible for finding differences in height by comparing the LIDAR point 
measurements and the estimates of the building models. The results may be further refined 
using spectral and feature information collected from aerial imagery. A double-threshold 
strategy was applied to cope with the highly sensitive thresholding  often encountered when 
using the rule-based approach. Finally, ground truth data were used for model validation. 
Research findings clearly indicate that the double-threshold strategy improves the overall 
accuracy from 93.1% to 95.9%. 
 
Key words: change detection, building models, LIDAR, aerial image, double-threshold, cyber 
city. 
 

1  INTRODUCTION 
A cyber city can be constructed which contains more spatial information than traditional two-
dimensional topographic maps. This also provides the possibility to comprehensively integrate 
various types of three-dimensional (3-D) information. High quality 3-D building models are 
one of many important components for constructing a cyber city. Considering the rapid 
growth of urban regions, a 3-D spatial information system is in an acute need to update the 
existing 3-D building models on a timely manner. There are two approaches to achieve such a 
goal. The first one is to re-map the entire area through a standard procedure. The alternative is 
to only update the ever changed areas followed by a reconstruction procedure. Therefore, 
detection of building changes becomes an important task.  

Journal of Applied Remote Sensing, Vol. 4, 041870 (19 November 2010)

©  2010 Society of Photo-Optical Instrumentation Engineers [DOI: 10.1117/1.3525560]
Received 5 Apr 2010; accepted 12 Nov 2010; published 19 Nov 2010 [CCC: 19313195/2010/$25.00]
Journal of Applied Remote Sensing, Vol. 4, 041870 (2010)                                                                                                                                    Page 1



Change detection in urban environments was usually carried out through spectral 
analysis of multi-temporal aerial images without regard to 3-D information embedded in 3-D 
building models. However, LIDAR data and aerial images have their own particular 
advantages and disadvantages in terms of horizontal and vertical accuracy. Compared with 
aerial images, LIDAR data provide more accurate height information but have less accurate 
measurements of boundaries. Yet aerial images provide more extensive 2D information such 
as high resolution texture and color information. Although 3-D height information can be 
estimated from one or several images via several methods, such as stereo, shape from shading, 
comparison to LIDAR, the height information extracted from aerial images is still relatively 
less accurate [1].  

Several studies of change detection using spectral imagery have been reported [2]. 
Recently, a number of change detection methods using LIDAR data have been proposed [3]. 
Murakami et al. (1999) used multi-temporal LIDAR data to produce Digital Surface Models 
(DSMs) for the detection of changes. Walter (2004) used LIDAR data for object-based 
classification and observation of land use and land cover [4]. There have been many studies 
using vector maps [e.g., 5, 6], LIDAR data [e.g., 3, 7], and aerial imagery as the 
background data set for change detection [e.g., 8]. Some have used 3-D building models as 
the supportive  data set for the same purpose [e.g., 9]. Thus, improvements can still be 
made possible to fuse LIDAR data and aerial images for change detection to update the 3-D 
building models. This paper thus aims at developing a new method, namely double-threshold 
strategy, to find such changes within 3-D building models in the region of interest with the aid 
of light detection and ranging (LIDAR) data. 

 

2  METHODOLOGY 
Since both LIDAR data and aerial images have their own advantages and disadvantages, it 
seems desirable to fuse those two data types of datasets for possible improvements of 3-D 
building models. In this study, we aim to identify changes in a set of 3-D building models by 
comparing old 3-D building models with new LIDAR data and aerial imagery. The overall 
workflow for this methodology is shown in Fig.1 below.  
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Fig. 1. Workflow for the proposed scheme. 
 

Journal of Applied Remote Sensing, Vol. 4, 041870 (2010)                                                                                                                                    Page 2



2.1 DATA REGISTRATION 
Before starting with the tracking and change detection, we should co-register these datasets of 
LIDAR data, aerial images, and building models. Several control points were collected to aid 
in the mapping functions for co-registration of the three datasets in the same coordinate 
systems. To achieve the co-registration, both planimetric and elevation registration are 
required. Whereas the LIDAR coordinate system was used as a reference base for elevation 
registration, the image coordinate system was used as a reference base for planimetric 
registration.  This is due to that the former one provides more accurate elevations and the 
latter one provides relatively high planimetric accuracy. In our study, the main focus in this 
regard rests upon the detection of the shifts in three dimensions since co-registration is not a 
big challenge. 

 

2.2 CHANGE DETECTION 
The major effort in this study is to process the spectral information from aerial images, detect 
height differences between LIDAR data points and 3-D building models, and screen linear 
features of the aerial images for detection of different types of boundary changes. First, we 
used the spectral information from the aerial images. Here, NDVI values were calculated to 
detect the vegetation cover for the exclusion of the non-building areas. Second, we sorted out 
the raw LIDAR points which represent building roof planes. Only LIDAR points within the 
building boundaries were selected for Delaunay triangulation. Third, facet orientation analysis 
was carried out for each triangle to detect those that might include wall points. Fourth, we 
calculated the center of the circumference for each triangle. The mean value and standard 
deviation of the elevation of these points in the circle were then calculated.  Any point in a 
triangle with an elevation larger than two standard deviations was excluded. Fifth, we applied 
equation 1 and the corner coordinates of the building models to calculate coplanarity 
parameters A, B, C. Finally, the difference in height between LIDAR points and building 
models can be calculated. The height differences (Δh) between LIDAR points and building 
models may eventually exhibit the major information about changes. The workflow for 
calculations of height differences is summarized in Fig.2 below. 
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Fig. 2. Calculation of height difference. 

Journal of Applied Remote Sensing, Vol. 4, 041870 (2010)                                                                                                                                    Page 3



Such a detection process in Fig. 2 can be carried out model by model in the context of 3-
D building models. Since the height difference is, among others, the most important factor 
considered in this study, a double-threshold strategy was proposed in this analysis to cope 
with the high sensitivity to thresholding often encountered within the rule-based approach. In 
other words, the double-threshold strategy can be designed to distinguish the obvious types of 
change from others based on height different in a form of point ratio so as to obtain the first-
hand information and then proceed with using a different threshold to facilitate or enhance the 
detection of the areas subject to further examination. In doing so, the line features in the aerial 
images may reveal valuable information that could contributes to refine the results associated 
with the first threshold.  Then the double-threshold setting empowers us to examine each 
building model to discern the possible types of changes.  

The workflow for this unique change detection philosophy is delineated in Fig.3 below. 
First, we set a double-threshold for the height difference to discriminate between changed and 
unchanged points. The upper threshold is 3 m and the low threshold is 1 m. The 80% (δ1) of 
the points in the building with a height difference larger than the upper threshold and the 80% 
(δ2) of the points in the building with a height difference smaller than low threshold were used 
to detect obviously changed and unchanged areas in the buildings. The data set between the 
double-threshold contains the targeted areas required for further examination. Additional 
information such as line features from aerial images may then be added at this moment for the 
targeted areas subject to further examination.  
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Fig. 3. Change detection with double-thresholding. 

 

Line feature comparisons facilitate detection in the areas subject to further examination. 
The process for detection of such areas is described in Fig. 4 below. Here, the double-
threshold strategy was only used for the detection of height difference. This is because our 
major information about change may be retrieved easily according to the height differences 
between the LIDAR points and building models. The double-threshold strategy helps to cope 
with the high sensitivity. Since the ordinary building boundary in our study area is frequently 
larger than 25 m2, the area parameter (δ5) for change detection due to microlevel structure 
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change can be set accordingly.  The changed area can then be estimated based on the 
identified number of points having changes divided by the density of LIDAR points. 
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Fig. 4. Change detection of areas subject to further examination. 
 

In the line feature comparisons, the aim is to compare building boundaries as they are 
commonly present in both building models and aerial images. The idea is to extract the 
appropriate line features from the aerial images (i.e., the building boundaries) and compare 
them to the building boundaries in the models. In our analysis, the boundaries in the building 
models were firstly projected onto the aerial images to create the working area. Secondly, the 
line features were extracted from the aerial images by Canny edge detection and Hough 
transformation. Finally, the length ratio, angle and distance between model boundaries and 
line features can be combined for line comparisons [1]. By taking out the existing building 
boundaries, we can find whether there were changes in the building models or not. The 
workflow for line feature comparisons is arranged in Fig. 5 below. 

 

3 EXPERIMENTS AND RESULTS 
Figure 6 shows the study area which is located in Hsin-Chu City in Northern Taiwan. Hsin-
Chu is a fast growing city with a large variety of building types. In addition, the area was 
characterized by having dynamic changes of land use and land cover, and is thus selected in 
this analysis for demonstration. The old building models are polyhedral, which was built 
based on a 2002 data set. The aerial images were acquired in June 2005 using an UltraCam-D 
aerial digital camera with a 12cm resolution. The LIDAR point clouds were acquired using a 
Leica ALS50 with a density of 1.5 pts/m2 in June 2005 too.  
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Fig. 5. Workflow for line feature comparison. 

 

The information is summarized in Table 1. Regarding the parameter setting, the NDVI 
threshold for change detection of the vegetated area is set by 0.3. The threshold of facet 
orientation analysis is 20° between the triangle’s normal vector and the building model’s 
normal vector. The upper and lower thresholds of height difference are 3m and 1m. Table 2 
lists the four ratios associated with different thresholds and one area threshold for change 
detection in terms of height difference. Table 3 lists the thresholds associated with line 
comparisons. These thresholds are helpful for processing the aerial images.  Figure 7 shows an 
aerial image of the test site. In concert with the efforts of aerial image mining, Figure 8 shows 
the on-site LIDAR data and Figure 9 shows the building models of the test site in which 492 
building models are included. For the planimetric registration, the root mean square error of 
building models to aerial images is 0.192 m and the root mean square error of LIDAR points 
to aerial images is 0.392 m. For the elevation registration, the root mean square error of 
building models to LIDAR points is 0.875 m and the root mean square error of aerial images 
to LIDAR points is 1.081 m. In summary, the thresholds in this study include: (1) angle of 
facet orientation, (2) NDVI, (3) height difference, (4) line ratio in line comparison, (5) angle 
in line comparison, and (6) distance between lines in line comparisons. We also tested the 
sensitivity for each threshold. Figures 10 to 15 collectively show the sensitivity of each 
threshold in terms of the accuracy. All data points in these six figures represent the overall 
accuracy. 

 

Table 1. Data collection efforts. 

 
Test data information 
LIDAR data Aerial images Building models 
Density 1.5pts/m2 Resolution 12cm Form polyhedral 
Acquisition 
time 

June 2005 Acquisition 
time 

June 2005 reconstruction 
time 

2002 
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Table 2. Thresholds associated with height difference for change detection. 

 

Threshold value 

Point ratio with Δh larger than high threshold (δ1) 80% 

Point ratio with Δh smaller than low threshold (δ2) 80% 

Point ratio with Δh larger than low threshold (δ3) 50% 

Point ratio with Δh smaller than high threshold (δ4) 50% 

Change area (δ5) 25m2 

 

Table 3. Thresholds for line comparisons. 

 

Threshold value 

Length ratio 0.7 

Angle 15° 

Distance between lines 10 pixels 

 

 
 

Fig. 6. A Map of the test site. 
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Fig. 7. One aerial image of the test site. 

 

 
 

Fig. 8. One LIDAR data set of the test site. 
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Fig. 9. Building roofs at the test site. 
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Fig. 10. Sensitivity of the overall accuracy with respect to angle of facet orientation. 
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Fig. 11. Sensitivity of the overall accuracy with respect to NDVI. 
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Fig. 12. Sensitivity of the overall accuracy with respect to height difference in line comparison. 
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Fig. 13. Sensitivity of the overall accuracy with respect to line ratio in line comparison. 
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Fig. 14. Sensitivity of the overall accuracy with respect to angle in line comparison.. 
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Fig. 15. Sensitivity of the overall accuracy with respect to distance in line comparison. 

 

To retrieve the sensitivity of each threshold, we fixed the other thresholds and varied the 
selected threshold simultaneously. In Fig.10, for example, variations of the overall accuracy 
are less than 1% when the angle threshold was set between 75° to 85°. Figure 11 shows 
variations in the overall accuracy are about 3% when the NDVI threshold is selected to be 
between 0.25 and 0.35. In Fig.12, however, it can be seen that when we changed the threshold 
of height difference, there is an obvious change in the overall accuracy. In Fig.13, the overall 
accuracy is over 93% when the line ratio threshold was set between 0.6 and 0.7. Figure 14 
shows a better overall accuracy of 95% and above when the angle threshold in line 
comparison is between 20° to 15°. In Fig.15, the overall accuracy is over 94% when the 
distance between the line threshold of line comparison was set between 13 pixels and 10 
pixels. According to the above observations, it is recognized that the height difference 
threshold is the most sensitive parameter. We, thus, select it for double thresholding. 

As shown by the detection results in Fig.16, the main-structure changes. The blue models 
show the correct detection results, the red models show the omission results. As can be seen in 
Fig.17, the detection results indicate micro-structure changes. The blue models show the 
correct detection results, the red models show the omission result. The detection results with 
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no change are shown in Fig.18. The blue models show the correct detection results, the red 
models show the omission results. 

 
Fig. 16. Detection result showing the locations of changes of main-structure. 

 
Fig. 17. Detection results of micro-structure changes. 
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Fig. 18. Detection results of no change. 

After this stage, we used ground truth data to carry out the validation of the whole test 
site. It can be done by manually comparing the old images with new ones to derive the ground 
truth data for all of the 492 buildings.  There are two parts included in the validation scheme 
for the confirmation of the performance of double-thresholding, i.e., double-threshold vs. 
single-threshold. The error matrix for the case of single threshold is shown in Table 4. The 
overall accuracy of the change detection is 0.931. Besides, the producer’s accuracy is 0.874, 
whereas the user’s accuracy is 0.779. The error matrix for the double-threshold strategy is 
shown in Table 5. The overall accuracy of the change detection can be as high as 0.959. The 
producer’s accuracy is 0.937 and the user’s accuracy is 0.852. With is effort, improvements 
can be confirmed  with the use of double-threshold strategy. 

Table 4. Error matrix of detection with single-threshold strategy. 
TEST

 
Ground 
Truth 

Main- 
structure 
changed 

Micro- 
structure 
changed 

Unchanged Total 

Main-structure 
changed 25 0 10 35 

Micro-structure 
changed 0 24 1 25 

Unchanged 13 10 409 432 
Total 38 34 420 492 

  Diagonal total 458 
 

Overall  0.931 
Producer's 0.714 0.960 0.947 0.874 

User's 0.658 0.706 0.974 0.779 
Kappa  0.714 
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Table 5. Error matrix for detection with the double-threshold strategy. 

 
TEST

 
Ground 
Truth 

Main- 
structure 
changed 

Micro- 
structure 
changed 

Unchanged Total 

Main-structure 
changed 31 0 4 35 

Micro-structure 
changed 0 24 1 25 

Unchanged 8 7 417 432 
Total 39 31 422 492 

  Diagonal total 472 
 

Overall  0.959 
Producer's 0.886 0.960 0.965 0.937 

User's 0.795 0.774 0.988 0.852 
Kappa  0.829 

 

 

 

To scrutinize the performance of the proposed method, three representative cases may be 
discussed. The first one demonstrates the effectiveness of the double-threshold over single-
threshold method. The other two explain why the change detection failed. Figure 19 shows an 
example of a case of omission with the single-threshold strategy. The ground truth data show 
a change in the building, even the building is classified as unchanged by the single-threshold 
strategy. Figure 20 shows that there are 11 LIDAR points in this building; none of them is 
selected by the single threshold approach. However, classification of this building with the 
double-threshold strategy yields different results. This case is classified as an area needing 
further examination. When we checked the image line features with respect to the building, 
we were forced to conclude that there is no match. Thus, we finally classified this as a 
changed area to be able to move on by a correct way. 
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Fig. 19. A case of omission with the single-threshold strategy. 

 
Fig. 20. A case of omission with the single-threshold strategy. 
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Fig. 21. An incorrect detection case (a). 
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Building model 

   
 

Fig. 22. An incorrect detection case (b). 
 

For the second part of this discussion, we looked \into two incorrect detections made with 
the double-threshold strategy. The aerial images, LIDAR data and building models for case (a) 
and (b) are illustrated in Fig. 21 and Fig. 22. It may be observed that the ground truth data 
show no change for the two buildings in cases (a) and (b). However, they have been classified 
as “changed” area. The explanation can be given below. In case (a), an unchanged building is 
classified due to micro-structure changes. It is due to that some of the LIDAR points on the 
wall have not been excluded. Those points caused the incorrect detection. As shown in Fig.23, 
the blue points are the LIDAR points within the building polygons, the green points are the 
points removed after Delaunay triangulation, and the red points are the changed points. Notice 
that the detection of changed points are mostly points on the wall that should be excluded. 
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Fig. 23. Changed points in case (a). 

 Fig. 24. Changed points in case (b). 

In case (b), it is actually an unchanged building that was classified as one having main-
structure changes. This is due to tiny variations in the building roof. The variations caused 
some of the points to be classified as changed points, which affect the change detection. As 
shown in Fig. 24. and Fig. 25, the blue points are LIDAR points within the building polygons, 
the green points are the points removed after Delaunay triangulation, and the red points are the 
changed points. Fig. 24 shows that some of the points detected are classified as changed 
points, and Fig. 25 shows the tiny variations in the building roof.  
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Fig. 25. Changed points in case (b). 

 

4  CONCLUSIONS AND FUTURE WORK 
In this study, a new scheme was proposed for building change detection in an urban 
environment by comparing old building models with new LIDAR data points and aerial 
images. The proposed double-threshold strategy did improve the detection accuracy.  Yet 
some of the detection errors might be caused by registration errors and tiny roof variations. If 
the building models of the roof and the registration were accurate, the proposed method may 
achieve even higher accuracy. However, the first limitation of the proposed method rests upon 
those areas where buildings are occluded by the vegetation canopy. We used the NDVI to 
detect these vegetation areas to improve the odds of success in this application. Future work 
may include but are not limited to three directions: 1) We will detect not only the changes in 
old building models but also the emergency of new buildings in the test site. 2) We will 
propose to register the detailed data model by model to improve the accuracy. 3) More 
textural information will be included in the detection procedure 
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