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ABSTRACT 

Growing urbanization has become a major concern in the combat of climate change. 

In order to tackle the problems occurring from unsustainable expansion of cities, it is 

necessary to first quantify the changes in built-up areas. This thesis presents a way of 

detecting newly built urban areas on the example of Phoenix, Arizona. The Phoenix 

Metropolitan Area has been the fastest growing region of the United States in the last 

years. Based on an expert knowledge decision tree, the implemented methodology in 

this thesis relies only on publicly available data and tools in order to allow anyone to 

use, recreate and built upon it. The Google Earth Engine platform was used to make 

two separate classifications of urban change using Sentinel-1 and Sentinel-2 data. 

The combination of these independent classifications proved to be a good lower bound 

for the detection of newly built urban areas. 
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1 INTRODUCTION 

The increasing amount of urbanization around the globe together with a growth of 

population and built-up areas massively impacts the environment (Uttara, 2012). 

Therefore, urbanization has become a major focus of environmental efforts to a more 

sustainable future. This is shown by the fact that “Sustainable Cities and Communities” 

has become a part of the 2030 Agenda for Sustainable Development (Johnston, 

2016). Earth observation on a global scale plays an important role in monitoring the 

development of urban areas. This has also been recognised by the UN as an useful 

tool to tackle the global problem of climate change and sustainability (United Nations 

Office for Outer Space Affairs, 2018). 

One major barrier to sustainable urban expansion is water scarcity (Hoekstra et al., 

2012). This is especially pronounced in dry, desert areas like the Colorado River Basin 

with cities like Las Vegas, Denver and Phoenix (Wang & Upreti, 2019).  

Satellite based remote sensing allows for an independent and time continuous 

analysis of the whole earth. This is an important factor, as the combination of different, 

locally made resources is time consuming and also not a reliable source as those 

studies are regionally biased and sometimes data - even for large cities - is missing 

(Seto et al., 2011).  

In order to enable everyone to use and reproduce the results of this thesis, special 

care was taken to only use publicly available data and tools. More specifically data 

from the EU Copernicus programme, namely Sentinel-1 and Sentinel-2 missions was 

used. As a processing platform for the data Google Earth Engine was used, allowing 

anyone a powerful cloud-based computation of satellite data. 

This thesis is focussed on the detection of newly built-up areas with an approach that 

can be applied globally. Its straightforward methodology without the reliance on 

complex machine-learning algorithms, enables for a quick application to different 

areas. 

  



 5 

1.1 SATELLITE IMAGE DATA 
The satellite images used in this thesis were provided by the European Space 

Agency’s Copernicus programme. This mission provides different kinds of high-

resolution images on a free to use basis (Attema, 2005; Sentinel- & Eop-sm, 2010). 

For this study data from the missions Sentinel-1 and Sentinel-2 was used.  

1.1.1 SENTINEL-1 

One important source of data for this study were Synthetic Aperture Radar (SAR) 

images in the C-Band provided by the Sentinel-1 mission. As buildings have good 

reflectance in the C-Band radar images this promised to be a valuable data source for 

our study. The Sentinel-1 images consist of 4 bands. There are two different 

polarisations emitted, vertical and horizontal. And both of those are also received 

individually by the sensor. This gives us Horizontal-Horizontal (HH), Vertical-Vertical 

(VV), Vertical-Horizontal (VH) and Horizonal-Vertical (HV) bands. The images used in 

this thesis are at a 10-meter resolution and in a logarithmic scale. 

Because buildings have large, regular surfaces and can act as corner reflectors they 

have strong reflectance in the VV and HH bands. The same applies to water surfaces 

as they are mostly smooth. Other, more irregular surfaces, like vegetation or soil show 

less reflectance in those bands.  

1.1.2 SENTINEL-2 

The other source of data used in the study are images from the Sentinel-2 mission. 

These images have 13 different bands, ranging from 400nm wavelength to 2300nm. 

In this study the bands shown in Table 1 were used.  

Table 1: Sentinel-2 bands 

BAND B4 B8 B11 B12 

PROPERTY Red NIR SWIR SWIR 

BANDWIDTH 665 833 1613 2202 

RESOLUTION 10 20 20 20 
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For our purposes, three different indices based on these bands were used, which are 

described in the following paragraphs.  

1.1.2.1 Normalized Difference Build-up Index 

The Normalized Difference Build-up Index (NDBI) is well suited for the detection of 

build-up areas based on the surface reflectance of the ground (Zha et al., 2003). The 

original paper has proposed this in regard to Landsat TM images, but as the band are 

similar this can be directly transferred to the images taken by the Sentinel-2 satellites. 

The calculation of the index in this study was done as following: 

𝑁𝐷𝐵𝐼 =  
𝑆𝑊𝐼𝑅 − 𝑁𝐼𝑅
𝑆𝑊𝐼𝑅 + 𝑁𝐼𝑅

(1) 

Where SWIR is the value of band 12 and NIR is corresponding to band 8. 

1.1.2.2 Normalized Difference Vegetation Index 

The Normalized Difference Vegetation Index (NDVI) is a widely used metric for the 

detection of land areas with a vegetative cover (Carlson & Ripley, 1997). The index 

shows positive values for vegetated areas and negative values for other areas like 

water or build-up areas. It is calculated as followed: 

𝑁𝐷𝑉𝐼 =
𝑁𝐼𝑅 − 𝑅𝐸𝐷
𝑁𝐼𝑅 + 𝑅𝐸𝐷

(2) 

Where NIR is band 8 and RED is the red band of Sentinel-2, namely band 4. 

1.1.2.3 Normalized Difference Tillage Index 

The Normalized Difference Tillage Index (NDTI) is mainly used for the detection and 

mapping of crop residue and other dead vegetation (Hively et al., 2018). In 

combination with the NDVI, which is only detecting living vegetation, this can be 

valuable in the detection of non-urban areas. This can also mitigate seasonal effects 

or misclassification because of droughts (Rouibah & Belabbas, 2020). The calculation 

of the NDTI was done as follows:  

𝑁𝐷𝑇𝐼 =
𝑆𝑊𝐼𝑅11 − 𝑆𝑊𝐼𝑅12

𝑆𝑊𝐼𝑅11 + 𝑆𝑊𝐼𝑅12
(3) 

Where SWIR11 is Sentinel-2 band 11 and SWIR12 is the corresponding band 12. 
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1.2 GOOGLE EARTH ENGINE 
Google Earth Engine is an online computing platform providing easy access to satellite 

imagery and has a built-in analysis tool running on JavaScript (Gorelick et al., 2017). 

It is free to use for research and educational purposes. Furthermore, it provides an 

extensive API with a lot of built-in functionality. Everything in this study was done within 

the Google Earth Engine, as it provides a comprehensive toolset from accessing 

satellite data to visualizing on a map. 

1.3 STUDY AREA 
The study area is the greater Phoenix area, located in Arizona, US. This area is in the 

south-west of the country and has seen a rapid growth of population and thereby built-

up land over the last years. The Maricopa county, containing the majority of the 

Phoenix Metropolitan Area, has seen an increase in population by 17.5% from 3.81 

million inhabitants in 2010 to 4.48 million in 2019 (United States Census Bureau, 

2019).  

As the climate in this area is arid with low annual rainfall, it was optimal for a number 

of reasons. Not only is it more interesting to look at such areas in detail, as 

environmental impacts such as water scarcity are more prominent, but it is also easier 

to evaluate, as less pre-processing of Sentinel-2 data is needed, because of low cloud 

cover. 
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2 METHODS 

The approach for this study was to develop two different classification models for 

urban change detection, which complement each other. This was done by using one 

algorithm which classifies the area into urban and non-urban areas at two different 

times and then comparing those. This was done with an index-based approach using 

Sentinel-2 data. 

The other method was a direct detection of temporal change using Sentinel-1 data 

from different times and comparing these. This approach is shown in Figure 1. The 

source code was made publicly available, see page 26. 

 
Figure 1: Methodological overview of the classification process 

2.1 SENTINEL-1 
To first get a good detection of new urban areas, Sentinel-1 data from two different 

times were used. As buildings have good reflectance in the radar images, we can 

assume that a strong increase in the pixel intensity for a selected scene can be a result 

of new buildings.  

As the goal was a direct comparison between different images taken by the Sentinel-

1 satellites, only images with the same orbit type, in this case “ascending“, were 

considered. In order to mitigate the problem of speckles in the Sentinel-1 images, the 

mean value of a time series of images was used. As buildings usually take several 

months to construct, a timespan of 60 days was used for the selection of images. This 
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resulted in 5 images on average. There was no other preselection done, as cloud 

cover is not a concern with SAR images.  

For the detection of strong changes between the two times, the older image’s VV band 

was subtracted from the newer one. In order to now get a binary classification into 

areas with change and ones without significant change, a threshold was applied.  

2.2 SENTINEL-2 
Another approach to detecting newly built urban areas was to first make a 

classification of the scene into urban and non-urban areas. For this an algorithm was 

developed based on a decision tree using three main classifying indices, namely 

NDBI, NDVI and NDTI.  

In a first pre-processing step the same 60-day timeseries as with Sentinel-1 was 

selected. Then all images with a cloudy pixel percentage above 15 percent were 

excluded. This resulted in 8 images on average. For a reduction in noise and cloudy 

pixels the median of the remaining images was taken. This process resulted in a cloud-

free noise reduced single image. 

 
Figure 2: Decision tree of the first step of the classification 

Figure 2 shows the general overview over the decision tree used for this classification. 

In a first step the NDBI was calculated and then a threshold was applied, in order to 

get a first classification on an urban area. Then the pixels where the NDBI or the NDTI 

was strong were classified as non-urban. These two classifications were then merged. 
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As a second step, the threshold of the NDBI was increased and the resulting areas in 

combination with a low NDVI then considered as urban. This resulted in an 

intermediate classification.  

To further improve the algorithm, a buffer zone around the urban areas was created, 

where a more relaxed threshold of the NDBI was then applied. This was done by 

diluting the first intermediate classification with a circular kernel with a size of 40 

meters. 

In order to detect the changes in the built-up areas this classification was done to two 

time-separated images. The first step was to dilute the older scene, again with the 

same kernel as above. Then the final area where change was detected was classified 

as the area where in the older scene there was no urban area but in the newer scene 

there was.  

2.3 COMBINATION OF SENTINEL-1 AND SENTINEL-2 
The two very different approaches to the change detection were then combined to 

eliminate each other’s weakness. As the Sentinel-1 approach just detects changes, 

which don’t necessarily mean that there are newly constructed buildings, there is a 

need to cross reference it. For this, the two methods were applied to the same region 

and the same timeframes. Then the final classification of the two was combined by 

dilating the Sentinel-2 classification with a circular kernel having a width of 80 meters 

and then overlapping with the classification from Sentinel-1. As the Sentinel-2 

classification has a pixel size of 20 meters, the final classification also had the same 

resolution. 

2.4 EVALUATION METRICS 
As a ground truth a selected area was manually classified, using Sentinel-2 RGB 

images. Polygons were created where in the older image, there was no building, but 

in the newer image there was. From these polygons a binary image with the same 

pixel size as the classification from Sentinel-1 and Sentinel-2 was created in order to 

make a comparison. 

For the change detection of built-up areas, the performance of the individual 

classifications, as well as the combined classification, is evaluated by the overall 

accuracy, the precision, recall and F1 score, which are defined as follows:  
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𝑜𝑣𝑒𝑟𝑎𝑙𝑙 𝑎𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =  
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝐹𝑃 + 𝐹𝑁 + 𝑇𝑁
(4) 

𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
(5) 

𝑟𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
(6) 

𝐹1 𝑠𝑐𝑜𝑟𝑒 =
2 ∗ 𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 ∗ 𝑟𝑒𝑐𝑎𝑙𝑙

𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑟𝑒𝑐𝑎𝑙𝑙
(7) 

where TP (true positives) is the number of pixels where the ground truth and the 

classifier show a detected change, TN (true negatives) are considered as such, when 

both show the pixels as no detected change. FP (false positives) are the pixels, where 

the classifier shows a detection of change, but there is none in the ground truth, and 

FN (false negatives) are pixels where there was change, but not detected by the 

classification.  
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3 RESULTS 

The timeframe used contained the first 60 days of 2019 and the first 60 days of 2021. 

In order to mitigate seasonal effects, like plant growth, a selection of similar seasons 

was necessary. This selected area, suburbs in the north-west of Phoenix just along a 

major highway, is shown in Figure 3.  

   
Figure 3: Sentinel-2 RGB median image from 2019 (left) and 2021 (right) 
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3.1 CHANGE DETECTION WITH SENTINEL-1 
The Sentinel-1 approach described in section 2.1 was then used on this selected area, 

in order to detect the occurring changes in high-reflectance objects. As a threshold for 

the classification of significant changes a value of 5.0 was used. The detected changes 

can be seen in Figure 4. 

 
Figure 4: Sentinel-2 RGB (2019) with detected changes using Sentinel-1 data shown in blue (left). The difference 
between the older and newer Sentinel-1 image (right). 
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3.2 URBAN CLASSIFICATION AND CHANGE DETECTION BASED ON SENTINEL-2 
The Sentinel-2 method described in section 2.2 was then applied to the same region. 

The intermediate step, the detection of build-up areas is shown in Figure 5. 

 
Figure 5: Sentinel-2 RGB (2021) with detection of built-up areas shown in blue 
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From there the final change detection was calculated using the method described in 

section 2.2. The resulting classification is shown in Figure 6.  

 
Figure 6: Sentinel-2 RGB (2019) with detected changes using Sentinel-2 data shown in red 
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3.3 COMBINATION OF SENTINEL-1 AND SENTINEL-2 
The two different classifications using Sentinel-1 and Sentinel-2 from section 3.1 and 

3.2 were then combined into a final classification with the method described in 2.3. 

The resulting final classification can be seen in Figure 7.  

 
Figure 7: Sentinel-2 RGB (2019) with detected changes using Sentinel-2 and Sentinel-1 data shown in green 
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The same classification has also been applied to another area in the south-east of 

Phoenix in order to test in a slightly different setting, with a lot of already existing urban 

areas and also some agriculture, this is shown in Figure 8. 

 
Figure 8: Sentinel-2 RGB (2019) of south-eastern Phoenix with detected changes, using Sentinel-1&2 shown in 
red. 
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3.4 VALIDATION 
The validation was done based on a ground truth shown in Figure 9. The green 

polygons are areas where new buildings were constructed in the considered timeframe 

from 2019 to 2021. 

 
Figure 9: Sentinel-2 RGB (2021) with polygons in green describing the ground truth, where new buildings appeared 
since 2019 
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The evaluation metrices described in section 2.4 were then applied to all tree 

classifications (see Figure 10).  

 
Figure 10: Evaluation of the classifications. Shown in green are true positives, red are false positives, blue are true 
negatives and yellow are false negatives 

From this, the performance scores were calculated by applying the equations (4) - (7). 

The results can be seen in Table 2. 

Table 2: Evaluation metrics for change-detection classification 

 Sentinel-1 Sentinel-2 Sentinel-1 & Sentinel 2 

accuracy 0.968 0.944 0.968 

precision 0.798 0.402 0.898 

recall 0.517 0.183 0.429 

F1 score 0.627 0.251 0.580 
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4 DISCUSSION 

The results showed that the change detection of urban areas can be successfully done 

with the methods developed in this thesis. The overall accuracy for all areas is quite 

high with around 95% (see Table 2). As only a small portion of our test area has actual 

change, there is a big imbalance between positives and negatives. Working with such 

datasets usually requires other metrics, such as precision and recall. 

Considering only the Sentinel-1 approach the classification is already quite good. This 

can be seen by the high F1 score of 0.627. The Sentinel-2 approach seems a bit 

lacking considering the relatively low precision of 0.402 and recall of 0.183 but can still 

provide valuable information as seen by the increase in the precision of the combined 

classification by 12.5% when compared to only using the Sentinel-1 data. This can 

give a good lower bound for the area of newly constructed urban zones.  

The relatively low recall value of all classifications can also be a consequence of an 

inaccurate ground truth, as polygons were created spanning a whole new block of 

buildings, whereas the resolution of the Sentinel-1 classification is finer, resulting in a 

difference in classification. An indication for this is, that all new neighbourhoods in the 

test area were detected, but not to the full extent of the ground truth. An example for 

this is shown in Figure 11. This whole new neighbourhood was considered as a newly 

built-up area in the ground truth as classifying individual buildings was not feasible 

with the used methods. But in the final classification only roughly 2/3 of the area was 

detected as a newly built-up area, because mainly the houses were detected but not 

their backyards. This then results in a lot of false negatives in the evaluation, giving an 

explanation for a low recall of only 0.429. With a better ground truth for validation 

purposes, this low recall could improve drastically without changing the classifying 

algorithm.  
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Figure 11: Detail of a new neighborhood. The classification of the newly built-up area with Sentinel-1 & Sentinel-2 
shown in green 

The developed algorithm is quite stable outside of the small validation area. Figure 8 

shows the detection of newly built-up areas in the south-eastern part of Phoenix. The 

detection is similar to the test area, without any major false positives. This indicates 

that these methods can be a valuable tool in order to assess the change in 

urbanization on a bigger scale. Unfortunately, the testing and validation on a bigger 

scale was not feasible in the scope of this thesis. 

As a manual classification of a ground truth is quite labour intensive and the method 

of validation itself is not the best, the test area is quite small. Another mode of 

validation would be useful in the future. A validation based on MODIS Land Cover data 

described by Mertes et al. (2015), was also considered, but the temporal data 

availability and resolution was not sufficient for a good comparison.  

When looking at the classification results of Sentinel-1 in Table 2, it could be assumed 

that it is already better than the combined classification, but this could be misleading 

based on the used test area. When applying the same methods to a bigger scale other 

significant changes in the Sentinel-1 reflectance values could be encountered. These 

could be changes in water surface cover, like drying lakes or flooded areas (DeVries 

et al., 2020). Another possible source for big changes could be deforestation as 

described by Reiche et al. (2018). Because of phenomena like these, it is important to 
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include another approach, which explicitly only detects changes for built-up areas, like 

the Index based approach with Sentinel-2, described in this thesis. 

For even better results in the same arid environment as Phoenix, a similar approach 

to an Index-based classification of urban areas has been done by Rouibah & Belabbas 

(2020). They found that an inclusion of another index, namely the Bare Soil Index, 

further improved their classification.  

Applying the same methodology to another urban area in another climate zone would 

also be of value. As the change detection based on the Sentinel-1 data is quite 

general, the behaviour of the classification should be similar to the one in this study. 

For the complementing classification based on the Sentinel-2 data, thresholds could 

be easily refined for other areas with a more humid environment. But this could 

unfortunately not be done in the scope of this thesis.  

In summary, whereas the application and validation of the proposed methods should 

be done on a larger scale and the methods themselves can still be further improved, 

this thesis showed that the approach of combining two independent classifications of 

urban change detection is promising and is already providing valuable results. 

  



 23 

APPENDIX 

BIBLIOGRAPHY 
Attema, E. (2005). Mission Requirements Document for the European Radar 

Observatory Sentinel-1. 

https://esamultimedia.esa.int/docs/GMES/GMES_SENT1_MRD_1-

4_approved_version.pdf 

Carlson, T. N., & Ripley, D. A. (1997). On the relation between NDVI, fractional 

vegetation cover, and leaf area index. Remote Sensing of Environment, 62(3), 

241–252. https://doi.org/https://doi.org/10.1016/S0034-4257(97)00104-1 

DeVries, B., Huang, C., Armston, J., Huang, W., Jones, J. W., & Lang, M. W. (2020). 

Rapid and robust monitoring of flood events using Sentinel-1 and Landsat data 

on the Google Earth Engine. Remote Sensing of Environment, 240, 111664. 

https://doi.org/https://doi.org/10.1016/j.rse.2020.111664 

Gorelick, N., Hancher, M., Dixon, M., Ilyushchenko, S., Thau, D., & Moore, R. (2017). 

Google Earth Engine: Planetary-scale geospatial analysis for everyone. Remote 

Sensing of Environment. https://doi.org/10.1016/j.rse.2017.06.031 

Hively, W. D., Lamb, B. T., Daughtry, C. S. T., Shermeyer, J., McCarty, G. W., & 

Quemada, M. (2018). Mapping crop residue and tillage intensity using WorldView-

3 satellite shortwave infrared residue indices. Remote Sensing, 10(10). 

https://doi.org/10.3390/rs10101657 

Hoekstra, A. Y., Mekonnen, M. M., Chapagain, A. K., Mathews, R. E., & Richter, B. D. 

(2012). Global Monthly Water Scarcity: Blue Water Footprints versus Blue Water 

Availability. PLOS ONE, 7(2), 1–9. https://doi.org/10.1371/journal.pone.0032688 

Johnston, R. B. (2016). Arsenic and the 2030 Agenda for sustainable development. 

Arsenic Research and Global Sustainability - Proceedings of the 6th International 

Congress on Arsenic in the Environment, AS 2016, 12–14. 

https://doi.org/10.1201/b20466-7 

Mertes, C. M., Schneider, A., Sulla-Menashe, D., Tatem, A. J., & Tan, B. (2015). 

Detecting change in urban areas at continental scales with MODIS data. Remote 



 24 

Sensing of Environment, 158, 331–347. https://doi.org/10.1016/j.rse.2014.09.023 

Reiche, J., Verhoeven, R., Verbesselt, J., Hamunyela, E., Wielaard, N., & Herold, M. 

(2018). Characterizing tropical forest cover loss using dense Sentinel-1 data and 

active fire alerts. Remote Sensing, 10(5), 1–18. 

https://doi.org/10.3390/rs10050777 

Rouibah, K., & Belabbas, M. (2020). Applying Multi-Index approach from Sentinel-2 

Imagery to Extract Urban Area in dry season (Semi-Arid Land in North East 

Algeria). Revista de Teledetección, 0(56), 89–101. 

Sentinel-, E. S. A., & Eop-sm, T. (2010). Sentinel-2 Mission Requirements Document. 

42. 

Seto, K. C., Fragkias, M., Güneralp, B., & Reilly, M. K. (2011). A Meta-Analysis of 

Global Urban Land Expansion. PLOS ONE, 6(8), 1–9. 

https://doi.org/10.1371/journal.pone.0023777 

United Nations Office for Outer Space Affairs. (2018). European Global Navigation 

Satellite System and Copernicus: supporting the Sustainable Development 

Goals. 

http://www.unoosa.org/res/oosadoc/data/documents/2018/stspace/stspace71_0

_html/st_space_71E.pdf 

United States Census Bureau (USCB). (2019). ANNUAL ESTIMATES OF THE 

RESIDENT POPULATION. 

https://data.census.gov/cedsci/table?g=0500000US04013&tid=PEPPOP2019.P

EPANNRES 

Uttara, S. (2012). IMPACTS OF URBANIZATION ON ENVIRONMENT. IJREAS, 2(2), 

1637–1645. 

Wang, Z.-H., & Upreti, R. (2019). A scenario analysis of thermal environmental 

changes induced by urban growth in Colorado River Basin, USA. Landscape and 

Urban Planning, 181, 125–138. 

https://doi.org/10.1016/j.landurbplan.2018.10.002 

 



 25 

Zha, Y., Gao, J., & Ni, S. (2003). Use of normalized difference built-up index in 

automatically mapping urban areas from TM imagery. International Journal of 

Remote Sensing, 24(3), 583–594. https://doi.org/10.1080/01431160304987 

 

  



 26 

LIST OF FIGURES 
Figure 1: Methodological overview of the classification process ................................. 8 

Figure 2: Decision tree of the first step of the classification ......................................... 9 

Figure 3: Sentinel-2 RGB median image from 2019 (left) and 2021 (right) ............... 12 

Figure 4: Sentinel-2 RGB (2019) with detected changes using Sentinel-1 data shown 

in blue (left). The difference between the older and newer Sentinel-1 image (right). 13 

Figure 5: Sentinel-2 RGB (2021) with detection of built-up areas shown in blue ...... 14 

Figure 6: Sentinel-2 RGB (2019) with detected changes using Sentinel-2 data shown 

in red ............................................................................................................................ 15 

Figure 7: Sentinel-2 RGB (2019) with detected changes using Sentinel-2 and Sentinel-

1 data shown in green ................................................................................................. 16 

Figure 8: Sentinel-2 RGB (2019) of south-eastern Phoenix with detected changes, 

using Sentinel-1&2 shown in red. ............................................................................... 17 

Figure 9: Sentinel-2 RGB (2021) with polygons in green describing the ground truth, 

where new buildings appeared since 2019 ................................................................ 18 

Figure 10: Evaluation of the classifications. Shown in green are true positives, red are 

false positives, blue are true negatives and yellow are false negatives .................... 19 

Figure 11: Detail of a new neighborhood. The classification of the newly built-up area 

with Sentinel-1 & Sentinel-2 shown in green .............................................................. 21 

 

LIST OF TABLES 
Table 1: Sentinel-2 bands ............................................................................................. 5 

Table 2: Evaluation metrics for change-detection classification ................................ 19 

 

ADDITIONAL RESOURCES 
The source code for the developed methods can be found here: 

https://code.earthengine.google.com/5fedbda82206a27fd0fc470a7ff5ae6b 

  



 27 

Erklärung 
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