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Earth Engine App CropMapper 
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Overview 
Crop type mapping at the field level is necessary for a variety of applications in agricultural 

monitoring and water resources management. Remote sensing imagery is a powerful input from 

which crop type maps can be created. Hydrosolutions ltd has designed a browser app to facilitate 

users with no or minimal background in remote sensing to access and use such data for their 

purposes. The app generates high resolution (10 m) seasonal and annual maps of crop types for the 

North China Plain. The North China Plain is one of China's most important agricultural regions, 

producing maize, winter wheat, vegetables, and cotton. The plain extends over much of Henan, 

Hebei, and Shandong provinces. The CropMapper allows generating individual maps for 260 counties 

in these three provinces covering a total area of 270,000 km2 (Figure 1). 

The following products (maps) can be generated with the CropMapper: 

• Winter Crop Area (January – May) 

• Summer Crop Area (July – September) 

• Winter Wheat Area 

• Winter Fallow Area 

• Summer Maize Area 

• Greenhouse Area 

Maps can be generated for the years since 2016 onwards. New satellite data will be automatically 

added as they become available through Google Earth Engine (usually only a few days of delay). 
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Figure 1: Counties in Henan, Hebei and Shandong provinces available for selection in the CropMapper application. Guantao 
County and Handan Prefecture, where the CropMapper was validated, are highlighted in the center of the map. 

Method 
The methodologies for crop type mapping that we have implemented in our tool are based on 

unsupervised classification techniques. While for the mapping of general agricultural area we use 

optical satellite imagery (Landsat 8 and Sentinel 2), crop types are identified based on radar data 

(Sentinel 1). The advantage of using radar data is that the quality of the images is not affected by 

clouds and haze. This methodology is therefore particularly suitable for the meteorological 

conditions of the North China Plain. 

The open-air agricultural areas (or ‘vegetation maps’, as they are named in Figure 2) are identified 

with a similar method as presented in Ragettli et al. (2018). Natural vegetation is scarce in the North 

China Plane, especially during the dry winter period, and is therefore in this application not 

differentiated from true agricultural land. 

Within the cropped area we process the available radar data and cluster the image pixels into two 

groups of pixels. It is then automatically assumed that the most common group of pixels 

corresponds to the most common crop of a given season (winter: wheat, summer: maize). The 

metrics that are used to cluster the radar data are described in Tian et al. (2019) 

For greenhouse mapping the algorithm uses again only optical satellite imagery (Sentinel-2). For 

each available image and pixel we calculate the value of the plastic greenhouse index (PGI) and the 

retrogressive PGI (RPGI), following Yang et al. (2017). The per-pixel values of the spectral indices are 

then averaged over several periods and clustered in a multi-step procedure using k-means 

unsupervised clustering. The greenhouse mapping methodology is explained in detail in the 

Appendix of this document. 
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Several post-processing techniques are available in the CropMapper to enhance the final maps. 

Isolated groups of pixels can be removed through counting the number of connected neighbors and 

applying an area threshold (minimum plot size). To decrease the fuzziness of the mapped objects the 

CropMapper offers to use object-based image analysis (OBIA). And finally, greenhouse maps can be 

post-processed by excluding all pixels mapped as open-air agricultural area as described above. 

 

Figure 2: Summary of the methodology for mapping winter wheat and summer maize. 

The advantage of using unsupervised mapping techniques is that the methodology is is not 

constrained by the common lack of field-level crop labels for training. Even if labeled data were 

available from a given year it is not sure if those are suitable for supervised classification of image 

pixels in another year, due to differences in meteorological conditions, differences in planting dates, 

crop varieties, etc. The algorithm as implemented in the CropMapper is re-trained for every year and 

for every county where it is applied.  

 

Detailed Instructions 
Open the following URL in your browser: 

https://hydrosolutions.users.earthengine.app/view/cropmapper-ncp 

For best performance we recommend the browsers Google Chrome or Safari (on Mac).  

The user-interface of the CropMapper is divided into four panels (Figure 3): 

• The first panel from the left shows the output maps of the analysis. Use the opacity sliders 

to hide or show individual layers. The background satellite image is a high-resolution Google 

Earth image (spatial resolution <1m). Note that this background image cannot be changed 

and does not necessarily depict the situation of the chosen year and season for the analysis. 

• The second panel shows a Sentinel-2 satellite image (10m resolution) of the selected year 

and season. Select any other available Sentinel-2 image from the chosen season and year in 

https://hydrosolutions.users.earthengine.app/view/cropmapper-ncp
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the drop-down menu in the upper-right corner of the panel. Dragging the divider between 

the first and the second panel determines how much of each panel is shown. 

• The third panel is reserved for all the User Inputs. 

• All outputs of the analysis other than the maps are presented in the fourth panel. 

 

Figure 3: CropMapper interface. The interface is divided in to four panels, labeled on the image. 

Initial User Inputs 
• Select an Area of Interest (one of the 260 available counties). The default area of interest is 

Guantao County in Hebei province. To switch to another area of interest, select other 

counties grouped by province and prefecture. 

• Select a Year for the Analysis. The drop-down list of available years may depend on the 

chosen product and is updated automatically. Mapping of winter crops starts to be available 

in May and mapping of summer crops in October. Maps of greenhouses from the current 

year can be generated from October on. The first year that is available for analysis is 2016, 

because this is the first year where sufficient Sentinel-2 data are available. 

• Specify the Product group. Use the slider to switch between greenhouse mapping and crop 

mapping. Select a season for crop mapping (summer or winter). 

• Click on Submit to start the analysis. 

Product: Winter Crops 
1. In a first step the January-May cropped area is identified. Select a different Sensor if you are 

not satisfied by the result and then click on Resubmit, otherwise click on Submit. Two sensors 

are available: 

• Sentinel-2; spatial of up to 10 meters and revisiting intervals of up to 5 days. Best option 

due to highest spatial and temporal resolution. 

• Landsat 8; spatial resolution of 30 meters, revisiting intervals of 10 days. 

2. The algorithm identifies the winter wheat planting area within the cropped area. It is 

automatically assumed that wheat is the most common winter crop in the area of interest. If 

this is not the case, you can invert the result by selecting ‘No’ in the drop-down menu and 

clicking on Resubmit, otherwise click on Submit. 

PANEL 1 PANEL 2 PANEL 3 PANEL 4 
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3. Fallow areas are identified by comparing the selected years’ wheat map (or crop map) to the 

corresponding map of a reference year. The default reference year is the year 2017. You may 

choose a different reference year in the dropdown menu.  

Two post-processing options are available:  

• Minimum area per fallow area plot: Clusters of pixels smaller than the minimum plot 

area are eliminated. The unit of the threshold area is mu (1 mu is 666.66 m2). The 

default value is 2 mu. 

• Object based image analysis: the algorithm identifies objects on the map and classifies 

each object according to the most common value across all pixels belonging to the same 

object. 

If you change the default settings click on Resubmit. 

Product: Summer Crops 
1. In a first step the July-September cropped area is identified. Select a different Sensor if you are 

not satisfied by the result and then click on Resubmit, otherwise click on Submit.  

2. The algorithm identifies the summer maize planting area within the cropped area. It is 

automatically assumed that maize is the most common winter crop in the area of interest. If 

this is not the case, you can invert the result by selecting ‘No’ in the drop-down menu and 

clicking on Resubmit. 

Product: Greenhouses 
1. Currently it is only possible to run the algorithm with Sentinel-2 data. The drop-down menu for 

sensor selection is therefore disabled, and the greenhouse map is generated in one single step. 

2. Various post-processing options are available: 

• Minimum area per greenhouse: Clusters of pixels smaller than the minimum greenhouse 

area are eliminated. The unit of the threshold area is mu (1 mu is 666.66 m2). The default 

value is 2 mu. 

• Object based image analysis: the algorithm will identify objects on the map and decide for 

each object whether it represents a greenhouse or not. The default criteria for the object 

analysis is that at least 50% of the pixels of a given object are classified as greenhouse area. 

• Post-processing with the summer crop-area map: any pixel classified as summer crop area 

will be masked from the greenhouse map. 

• Post-processing with the winter crop-area map: any pixel classified as winter crop area will 

be masked from the greenhouse map. 

If you change the default settings click on Resubmit. 

Outputs 
All output maps have a resolution of 10 m and are displayed in Panel 1 (Figure 3). Note that it will 

take some time until the maps are displayed completely – please be patient! It is recommended to 

zoom in. With low zoom levels the risk of map display failure increases. The app may even crash, and 

an error message will appear (“Something went wrong while displaying this app. Please come back 

later.”). 

In Panel 4 (“Outputs”) the following results of the analysis are displayed (Figure 4): 

• Total area of the selected county 

• The total area of each mapped layer of the current analysis (e.g., total cropped area in km2) 

• Map download link checkboxes: If the checkboxes are checked, a download link will be 

created. By clicking on the link the maps can be downloaded as georeferenced TIF image. 

• A table with the layer statistics per township (4th level administrative unit).  
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Figure 4: ‘User Input’ and ‘Outputs’ panels of the CropMapper. 

Validation 
The maps generated with the CropMapper application (default settings for parameters) have been 

validated against two sources of data: i) official county-level crop statistics available from statistical 

yearbooks, ii) ground-truth data available at the per-pixel level. 

County-level crop statistics 
Public statistical yearbook data from Handan prefecture are available for this work until the year 

2017. Since the algorithm is based on Sentinel-2 data and this satellite started to provide complete 

datasets in 2016, we are comparing the yearbook data to the maps generated for the years 2016 and 

2017. The yearbooks provide statistics about all kind of crops but there is no differentiation between 

greenhouse or open-air planting area. We therefore only use the data regarding wheat and maize 

planting area for comparison.  

Handan prefecture has 18 counties (Figure 5) for which crop statistics are available. However, the 

county borders are only available as vector shapefiles with boundaries representing the status 

before the 2016 administrative reform. The borders of five counties were changed during this 

reform. We therefore merged these 5 counties into one (called ‘Supercounty’ thereafter). The 

borders of the ‘Supercounty’ are identical pre- and after the 2016 administrative reform. In total, we 

can therefore compare 14 data points per crop and year with the statistical yearbook data. 

The scatterplots below show that there is a high agreement between official crop statistics and crop 

areas extracted with the CropMapper (Figure 6, Figure 7). The computed total wheat area differs 

from the official wheat area by +22.7% in 2016 and by -5.0% in 2017, respectively. The total maize 

area differs by -4% in 2016 and by +12% in 2017. The coefficient of determination (R2) is above 0.9 

for both wheat and maize in 2017. The 2016 R2 for wheat and maize are 0.657 and 0.726, 

respectively (Table 1). A reason for the lower performance in 2016 could be that the second 

Sentinel-1 and Sentinel-2 satellites were launched in April 2016 and March 2017, respectively, and 

less satellite images are therefore available in 2016. 
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Figure 5: Counties of Handan Prefecture with the administrative boundaries of 2015. The administrative boundaries 
changed in 2016 but are not available as vector data for this work. To compare with the yearbook statistics, we therefore 
defined a ‘Supercounty’ whose borders agree with both the old and the new boundaries. 

 

Figure 6. Comparison of winter wheat crop areas of the Handan Prefecture statistical yearbooks of the years 2016 (a) and 
2017 (b) with the crop areas according to the CropMapper. 

 

Figure 7. Comparison of summer maize crop areas of the Handan Prefecture statistical yearbooks of the years 2016 (a) and 
2017 (b) with the crop areas according to the CropMapper. 
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Table 1. Comparison of crop statistics between the statistical Yearbooks and the CropMapper outputs. RMSE is the Root 
Mean Square Error and R2 is the coefficient of determination. 

 Stat. Yearbook CropMapper Difference RMSE R2 

 Total (km2) Total (km2) km2 % km2 %  

Wheat 2016 3587 4403 815 22.7% 138 43.4% 0.657 

Wheat 2017 3629 3445 -183 -5.0% 48 20.0% 0.917 

Maize 2016 3347 3213 -134 -4.0% 74 33.1% 0.726 

Maize 2017 3841 4330 490 12.7% 62 20.3% 0.901 
 

Ground observations 
In March 2019 we visited five locations in Guantao County (Figure 8) for a ground validation of the 

mapped products: 

• Site 1: Vegetable and wheat cultivation, Wangqiaoxiang Township (Figure 9) 

• Site 2: Wheat cultivation, Shoushan Township 

• Site 3: Greenhouse and wheat cultivations, Shoushan Township (‘Cucumber village’, Figure 

10) 

• Site 4: Wheat and cotton cultivation, Chaibaozhen Township 

• Site 5: Wheat and tree cultivation, Weisengzhai Township (Figure 11). 

 

Figure 8. Satellite image of Guantao County (Sentinel-2, 14 March 2019). The five locations used for ground-truth validation 
are indicated. Each green rectangle on the map has an area of 2km2. 
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At two of these sites (Site 1 and Site 5) we were flying a drone for taking aerial photos. For each of 

the five sites we randomly sampled 200 points within a 2 km2 rectangle (Figure 12b) in Google Earth 

Engine. The 5x200 points were each attributed one of the following labels: wheat, other open-air 

crops, greenhouse, or no-crop. Ground truth labels were attributed based on the observations in the 

field, but also based on high resolution Google Earth images available for 25 March 2017 and 15 

April 2019 (Figure 12a). A dataset of 1000 labeled points was therefore established for each winter 

season 2017 and 2019. We did not visit the sites during the summer season. However, Site 4 is a 

known site for cotton cultivation. The 200 points at Site 4 were therefore additionally labeled for the 

summer season to validate the maize map generated with the CropMapper for 2017 and 2019. 

Additionally, we randomly sampled 10’000 points in Shoushan Township for validation of the 2017 

and 2019 greenhouse maps (Figure 13). 

 

Figure 9. Picture taken by the drone at validation Site 1 (wheat and vegetable cultivation). 

 

Figure 10. Typical plastic greenhouse in Guantao County (picture: Silvan Ragettli) 
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Figure 11. Picture taken by the drone at validation Site 5 (tree and winter wheat cultivations). 

   

  
Figure 12. Validation Site 3 (Figure 8); a) High-resolution Google Earth image, b) Sentinel-2 RGB image (14 March 2019), the 
two-hundred randomly selected 10m-pixels are shown in white, c) CropMapper Greenhouse map 2019, d) CropMapper 
outputs: wheat (red), greenhouses (green), fallow area (black), other crops (blue), no crops (white). 

a) b) 

c) d

) 

250 m 



 

02/06/2020 ragettli@hydrosolutions.ch 11 

  

Figure 13. a) Shoushan township (yellow outlines) in Guantao County, b) detail of Shoushan township with the randomly 
sampled 10m pixels indicated as tiny white dots. Random points labeled as greenhouse are indicated by the blue markers in 
b). In total 10’000 random points were sampled. 

Table 2. Confusion matrix of all mapped products for Winter 2017. With ‘Crop’ we label all pixels that represent crop area 
but not wheat or greenhouses. 

R
EF

ER
EN

C
E 

D
A

TA
  CLASSIFIED DATA    

 

Predicted: 
NoCrop 

Predicted: 
Crop 

Predicted: 
Greenhouse 

Predicted: 
Wheat Total 

Actual: NoCrop 288 55 2 46 391 

Actual: Crop 16 111 0 10 137 

Actual: Greenhouse 0 5 21 0 26 

Actual: Wheat 6 21 0 419 446 

Total 310 192 23 475 1000 
 

Table 3. Confusion matrix of all mapped products for Winter 2019. ‘Fallow’ land-use indicates that pixels are classified as 
‘no-crop’ while they were classified as ‘wheat’ in 2017. With ‘Crop’ we label all pixels that represent crop area but not 
wheat or greenhouses. 

  CLASSIFIED DATA    

R
EF

ER
EN

C
E 

D
A

TA
 

 

Predicted: 
NoCrop 

Predicted: 
Crop 

Predicted: 
Greenhouse 

Predicted: 
Wheat 

Predicted: 
Fallow 

Actual: NoCrop 375 18 1 24 13 431 

Actual: Crop 6 74 0 5 3 88 

Actual: Greenhouse 3 1 33 2 0 39 

Actual: Wheat 9 19 2 311 7 348 

Actual: Fallow 22 0 1 4 67 94 

Total 415 112 37 346 90 1000 
 

a) b) 
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To evaluate the agreement between the land use classifications and the ground observations we 

build confusion matrices (Table 2, Table 3) and then calculate the percent agreement and the 

Cohen’s kappa coefficient. Cohen's kappa coefficient is a statistic which measures inter-rater 

agreement for qualitative (categorical) items. Values of 0.41– 0.60 indicate moderate agreement, 

0.61–0.80 substantial, and 0.81–1.00 almost perfect agreement. 

The two confusion matrices for all land use classifications at all sites in 2017 (Table 2) and 2019 

(Table 3) represent classification accuracies of 83.9% (kappa 0.75) and 86.0% (kappa 0.79), 

respectively. This means that 839 of the 1000 randomly sampled pixels were correctly classified in 

2017, and 860 in 2019. We also assessed the classification scores at individual sites and for individual 

products (e.g. ‘Wheat’ or ‘Fallow’). Except for the classifications at Site 4 in summer 2017 all 

classifications reached kappa values higher or equal to 0.60. 

Table 4. Landuse (LU) Classification Accuracy and Cohen’s kappa Coefficient of mapped products at individual sites and for 
selected products. ΔArea is the difference between the classified to the actual frequency of occurrence of a given land use 
type. 

 

N° of sampled 
points 

Classification 
Accuracy 

Cohen's 
kappa 

ΔArea 
(%) 

All LU types    
 

Sites 1-5, Winter 2017 (Table 2) 1000 83.9% 0.75  

Sites 1-5, Winter 2019 (Table 3) 1000 86.0% 0.79  

Site 4, Summer 2017 200 77.0% 0.58  

Site 4, Summer 2019 200 82.5% 0.61  

Site 1, Winter 2017 200 76.5% 0.60  

Site 1, Winter 2019 200 87.5% 0.80  

Site 2, Winter 2017 200 86.0% 0.63  

Site 2, Winter 2019 200 86.0% 0.68  

Site 3, Winter 2017 200 79.7% 0.60  

Site 3, Winter 2019 200 73.0% 0.62  

Site 4, Winter 2017 200 88.6% 0.80  

Site 4, Winter 2019 200 91.0% 0.84  

Site 5, Winter 2017 200 87.5% 0.80  

Site 5, Winter 2019 200 93.0% 0.84  

Wheat    
 

Site 1-5, 2017 1000 92.9% 0.84 6.5% 

Site 1-5, 2019 1000 91.7% 0.83 -0.9% 

Fallow (2017/2019)     

Site 1-5, 2019 1000 94.1% 0.66 5.3% 

Greenhouses     

Shoushan 2017 10000 98.1% 0.67 -29.0% 

Shoushan 2019 10000 98.7% 0.80 -10.2% 

Site 1-5, 2017 1000 99.3% 0.85 -11.5% 

Site 1-5, 2019 1000 99.0% 0.86 -5.1% 

Maize     

Site 4, Summer 2017 200 83.0% 0.66 -7.0% 

Site 4, Summer 2019 200 85.5% 0.60 -6.1% 
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In some cases, Cohen’s kappa coefficient yields lower scores for higher classification accuracies. For 

example, this is the case when comparing ‘Wheat’ and ‘Fallow’ in Table 4. For fallow area 

classification the accuracy in 2019 is 94.9%, which is higher than the classification accuracy for wheat 

(91.7%), but Cohen’s kappa is only 0.79 (0.83). The reason for this is that the ratio between false 

positive or false negative classifications and correctly classified pixels is lower (commonly named 

“Producer’s” and “Consumer’s” Accuracies’). The Consumer’s Accuracy for Fallow Area classification 

is 70%, while for wheat it is around 90% in both years.  

Only about 3% of the randomly sampled pixels represent greenhouse area (both at the five sites and 

for the assessment at Shoushan Township). This is therefore not a very common land use type. Since 

there are only very few false positive classifications, we achieve very high classification accuracies of 

more than 98%. On the other hand, our algorithm seems to underestimate the total greenhouse 

area in Shoushan Township by 10-30% (Table 4). This can be explained by the small size of 

greenhouses, which have widths of usually just 10-20m, which is about the spatial resolution of the 

available satellite imagery. Isolated greenhouses can therefore often not be detected because of 

mixed pixel effects. Greenhouses that are standing in rows next to each other, on the other hand, 

are reliably detected. 

The frequency of occurrence of other land use types such as wheat, maize and fallow area are 

correctly identified by the CropMapper (ΔArea in Table 4). The difference between the number of 

classified and the number of actual pixels of one of these land use types is always less than 10%. 

Comparing the classification accuracy of different sites, Site 3 has the lowest classification accuracies 

(79.7% in 2017 and 73.0% in 2019). As Figure 12 shows, this site has a very heterogeneous land 

cover with often very small plot sizes of only about 1000 m2 (1.5 mu).  At Site 5 (Figure 11), where 

the highest classification accuracies are achieved (87.5% and 93% in 2017 and 2019, respectively), 

the plot sizes are much larger, with field sizes of at least 6500 m2 (10 mu). We can therefore 

conclude that the CropMapper accuracy increases substantially for larger field sizes. 

 

Figure 14. Validation Site 4 (Figure 8); a) Sentinel-2 RGB image (1 August 2019), b) CropMapper outputs: maize (red), 
greenhouses (green), other crops (blue), no crops (white). 

For Site 4 in summer (Figure 14) we reached relatively low scores with kappa coefficients just around 

0.6 (and 77%-82.5%. classification accuracy). Figure 14b shows that the CropMapper tends to 

overestimate the crop area since small roads are not visible on the classified image. It should be 

noted that we did not visit this site in summer and high-resolution Google Earth images are not 

a) b) 

250 m 
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available. It is therefore questionable if the “ground truth” data regarding maize classification are 

reliable. Overall, however, we can conclude that the algorithm is able to distinguish summer maize 

from cotton.  
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Appendix 1: Detailed greenhouse mapping procedure 
 

Main Steps: 

1. Calculate the plastic greenhouse index (PGI) for every pixel and every available Sentinel-2 

image. Images with more than 10% cloud cover over the area of interest are excluded from 

the analysis. 

2. Any pixel with PGI values of zero for any of the images available between 1 February until 15 

May are excluded as greenhouse candidates. PGI values of zero indicate either the presence 

of open vegetation or of built-up area (see below). February to May is roughly the period 

when the winter crop vegetation is most dense. 

3. Calculate the average PGI value of the remaining pixels for the period 1 February until 15 

May.  

4. Cluster the mean PGI values using the k-means algorithm. The number of clusters (k) is set to 

two. All pixels belonging to the cluster with the lower mean PGI value are excluded as 

greenhouse candidates. 

5. Re-cluster the remaining greenhouse pixel candidates with k-means (k = 2). The following 

input data are used for clustering: mean PGI between 1 December and 30 September and 

mean RPGI of the same period. Again, all pixels belonging to the cluster with the lower mean 

PGI value are excluded as greenhouse candidates. This second clustering step is necessary to 

distinguish between actual greenhouses and the temporary use of plastic for farming (e.g. 

plastic mulching, plastic sheds). 

6. Post processing of the image with the remaining greenhouse pixel candidates (see below). 

Post-processing Steps: 

1. Sieving of pixels that are connected to pixel clusters smaller than the minimum greenhouse 

size. Although single greenhouses usually cover areas of less than 3000 m2 it is 

recommended to use a relatively large minimum greenhouse area of about 3000 m2 (~5 mu). 

The use of high threshold areas leads to less noise, on the expense of removing correctly 

classified pixels belonging to isolated greenhouses. However, such isolated single 

greenhouses are difficult to map because they have widths that are below the pixel 

resolution of some of the available satellite imagery. 

2. Object based image segmentation (OBIA). All pixels belonging to identified objects obtain 

the same label. The criterion for classification as greenhouse object is that at least 30% of 

the pixels belonging to the object have been initially labeled as greenhouse. We use the 

‘Image.Segmentation.SNIC’ function in GEE for image segmentation. We use a seed location 

spacing of 5 m, a Compactness factor of zero and D4 connectivity. The input image for image 

segmentation is an image with two bands: the maximum Normalized Difference Vegetation 

Index (NDVI) and the maximum Land Surface Water Index (LSWI, Xiao et al., 2005) of every 

pixel between January and May. 

3. Remove all pixels classified as open summer and/or open winter vegetation. The default 

setting is to remove the pixels classified as summer vegetation. Although the greenhouses 

may not be in use in summer and the plastic roof may be removed, this does not lead to 

misclassifications according to our experience. 
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PGI and RPGI 

The plastic greenhouse index (PGI) is calculated as follows: 

𝑃𝐺𝐼 =  {

0                                                         𝑊ℎ𝑒𝑛 𝑁𝐷𝑉𝐼 > 0.45

100 ×  
𝑅𝑏𝑙𝑢𝑒 ×(𝑅𝑛𝑖𝑟− 𝑅𝑟𝑒𝑑)

1−𝑚𝑒𝑎𝑛  (𝑅𝑏𝑙𝑢𝑒+𝑅green+𝑅𝑛𝑖𝑟)

0                                                         𝑊ℎ𝑒𝑛 𝑁𝐷𝐵𝐼 > 0.06

  

where  

𝑁𝐷𝑉𝐼 =  
𝑅𝑛𝑖𝑟 −  𝑅𝑟𝑒𝑑

 𝑅nir + 𝑅𝑟𝑒𝑑
 

𝑁𝐷𝐵𝐼 =  
𝑅𝑠𝑤1 −  𝑅𝑛𝑖𝑟

𝑅sw1 + 𝑅𝑛𝑖𝑟
 

Rblue, Rgreen, Rred, Rnir, and Rsw1 are the reflectance of the blue, green, red, NIR, and SW1 band, 

respectively. NDBI is the ‘normalized difference build-up index’ (Zha et al., 2003). In contrast to the 

original equation proposed by Yang et al. (2017) we use different threshold values for NDVI and 

NDBI (0.45 instead of 0.73 and 0.06 instead of 0.005, respectively). Yang et al. (2017) explicitly stated 

that these thresholds were derived in a selected area, and that “it is necessary to verify their 

applicability to other regions”. Also, Yang et al. (2017) were using Landsat data while this study uses 

Sentinel-2 data for calculating the PGI. The band wavelengths of the two satellites and the spatial 

resolutions are slightly different, which also explains why the threshold values needed to be re-

defined. The threshold values were re-defined for this work by a simple trial and error procedure. 

The retrogressive PGI is calculated exactly as proposed by Yang et al. (2017): 

𝑅𝑃𝐺𝐼 =  
𝑅𝑏𝑙𝑢𝑒

1 − 𝑚𝑒𝑎𝑛  (𝑅𝑏𝑙𝑢𝑒 + 𝑅green + 𝑅𝑛𝑖𝑟)
 

 

 


