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osm-analytics). As an application of the output of our M1 model, we overlayed our predicted gross roo�op area 
mapped to the FN grid for the year 2020 and for the SSP2 growth narrative on top of the building footprint pol-
ygon planet dataset from OSM to estimate the completeness of the OSM dataset. To quantify the completeness, 
we calculated the percentage di�erence in the assessed gross roo�op area from our study and the calculated 
gross building footprint area mapped to the FN grid from OSM. �e base dataset for OSM comparison was 
procured in August 2021.

In the �nal output of this analysis, a value of 0 represented that either OSM data is missing, or data cannot 
exist at that FN grid cell. A value of 1 represented that OSM dataset coverage is 100% in that FN grid cell. Any 
value between 0.9–1.5 was considered as representing 100% completeness of the OSM dataset as our M1 model 
does have under or over-prediction characteristics in some regions based on driver metrics. A value greater 
than 1.5 was representative of regions in OSM that may not have population presence but have OSM building 
polygon tags e.g., greenhouses, industrial complexes around major shipping ports etc. Since our M1 model relies 
on the population as an important driver, in FN grid cells having a completeness value greater than 1.5, our 
model gives a lower value than the OSM dataset value. Another reason for this can be attributed to the wrong 
tag being assigned to building polygons or the misclassi�cation of non-building built-up structures as building 
polygons inside the OSM dataset. An example of a completeness value dataset is shown for Europe in Fig. 14a, 
with example cases of completeness value greater than 1 shown in Fig. 14b–d. A similar automated analysis can 
be conducted for a global dataset to quantify the completeness of the OSM dataset and direct the crowdsourced 
mapping of buildings to areas that are under mapped.

Fig. 14 Output visualisation of OSM gap detection tool. �e output of the gap detection tool dataset with each 
individual FN grid cell is classi�ed by the completeness index, (a,b) zoomed in view of the ROI bound by the 
white bounding box in Fig. 14a. �e values inside the FN grid cell represent the completeness index value for 
that FN grid cell. (c) image displaying a sample of an area marked inaccurately in the OSM dataset inside the 
FN grid cell with a completeness index of 1.32. (d) overlay of OSM polygon on incorrectly identi�ed buildings 
in Fig. 14c where greenhouse installations have been marked as buildings leading to the FN representing value 
greater than 1.
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Pseudocodes.

Algorithm 1 Data Collection and pre-processing.

Algorithm 2 XGBoost Model Training and Estimation (Model M1).

https://doi.org/10.1038/s41597-024-03378-x


1 8SCIENTIFIC DATA |          (2024) 11:563  | ÈÔÔÐÓȡȾȾÄÏÉȢÏÒÇȾυτȢυτχόȾÓψυωύϋȤτφψȤτχχϋόȤØ

Algorithm 3 Preparing training Data for Model M2.
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