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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.

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.

Inthe 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.
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Pseudocodes.

Algorithm 1 Data Collection and pre-processing.

Input:
FN: Fishnet Grid
BF: Building Footprint polygon from Big data Sources (Vector)
BF_OSM: Building Footprint polygon from Open Street Maps (Vector)
RL: Road polyline from Open Street Maps (Vector)
BU: Built-up Area From Copernicus Global Land Cover V3.0 (Raster)
PPLN: Population count from WorldPop project (Raster)
ARgn: Fishnet Grid Area (Planar)

Output:
BFen: Aggregated Building Footprint area mapped to unique FN (Big Data)
BFenOSM: Non-Masked Building Footprint polygon from Open Street Maps (Vector)
RLen: Aggregated Road Length mapped to unique FN
BUen: Aggregated Built-up Area mapped to unique FN
PDen: Aggregated Population density mapped to unique FN
BF;20: Building Footprint area mapped to unique Sample FN for 2020 (Big Data)
RL:20: Road Length mapped to unique Sample FN for 2020
BU,20: Built-up Area mapped to unique Sample FN for 2020
PD,20: Population density mapped to unique Sample FN for 2020
S: Denotes samples extracted from Big Data Sources

# Mapping Datasets for FN tiles

1. foreach FN: /* Iterate for each cell in Fishnet Grid*/
2: if BU>O: /* If built-up area exist in FN*/
3: MASKgn = not (Geographic extent of BU in FN) /* Generate Masking layer*/
4: BFen = sum (Area of BF outside MASKex) /* Aggregate non-masked Building Footprint area (big data)*/
5: BFenOSM = sum (Area of BF_OSM outside MASKgn) /* Aggregate non-masked Building Footprint area (OSM)*/
6: RLgn = sum (Length of RL outside MASKen) /* Aggregate non-masked length of Roads*/
7: PDen = sum (PixelsValue of PPLN outside MASKen)/ARen /* Aggregate non-masked Population density*/
8: BUrn = sum (PixelValue*PixelArea of BU)/100 /* Aggregate non-masked Built-up area*/

# Sample Fishnet Cell extraction

1. foreach FN: /* Iterate for each cell in Fishnet Grid*/
2: if BFen > 0: /* If Aggregated Building Footprint area exist in FN*/
3: BF20=BFgn /* FNs becomes sample FN for model training*/
4: RL20=RLgyn /* FNs becomes sample FN for model training*/
5: BUs20=BUrn /* FNs becomes sample FN for model training*/
3 PD20=PDrn /* FNs becomes sample FN for model training*/

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

Input:
RLen: Aggregated Road Length mapped to unique FN
BUgn: Aggregated Built-up Area mapped to unique FN
PDen: Aggregated Population density mapped to unique FN

BF;20: Sample Aggregated Building Footprint area mapped to unique FN for 2020 (Big Data)
RL;20: Sample Aggregated Road Length mapped to unique FN for 2020
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BU,20: Sample Aggregated Built-up Area mapped to unique FN for 2020
PD,20: Sample Aggregated Population Density mapped to unique FN for 2020

Output:

BFen20: Aggregated estimated Building Footprint area mapped to unique FN (Big Data)

# Hyper-parameter Optimisation (Aim is to reduce MSE of the base model with each iteration)
*MSE=Mean Squared Error

1

2:

9:

forn: /* nis the number of iterations*/
Xs = BF;20 /* Set dependent variable for sample FNs */
Ys = (RLs20, BU;20, PD20) /* Set independent variables dataframe for sample FNs */
Ksi= Xs;Ys; /* Split data into 10 folds using shuffling, iis the ith fold */
MSE; = XGBp (Ks)) /* Caleulate MSE for ith fold data using “P” parameters for base XGBoost model*/
MSEmeant = mean (MSE;.10) /*Take mean of MSE for all 10 folds at t iteration number*/
if MSEmeant-1> MSEmeant : /*If MSE of t-1 iteration number is greater than MSE of t iteration*/

Choose the next best parameter combination based on predictive Tree Parzen Estimator

save P /*Save best parameter combination after n iterations*/

# Estimation of Building Footprint Area per FN from trained M1 model

Xs = BF,20 /* Set dependent variable for sample FNs */
Ys = (RLs20, BUs20, PD.20) /* Set independent variables dataframe for sample FNs */
Model = XGBp (X,,Ys) /* Train base XGBoost model using tuned parameters*/
Drivers = (RLgn, BUgn, PDen) /* Set Drivers for full set of FN */
if RLey and BUpy and PDgy is not null: /* If logical data exists within the FN */

BFrn20 = Model (Drivers) /*Use trained model to estimate aggregated building footprint area per FN */
save BFg\20 /*Save estimated Building footprint data for FN*/

Algorithm 3 Preparing training Data for Model M2.

Input:

BF;20: Building Footprint area mapped to unique Sample FN for 2020 (Big Data)

BFrn20: Aggregated estimated Building Footprint area mapped to unique FN for 2020 (Big Data)
BFenOSM: Non-Masked Building Footprint polygon from OSM for 2020 (Vector)

BUgn: Aggregated Built-up Area mapped to unique FN

PDen: Aggregated Population density mapped to unique FN

GDPyx,y: GDP per capita mapped to unique FN for “X" SSP narrative and "Y" year

Output:

BFosm20: Building Footprint area mapped to unique Sample FN from OSM for 2020

GDPs 0sm,220: GDP per capita mapped to unique Sample FN for 2020 (SSP2 Only)
PDs,0sm20: Population density mapped to unique Sample FN for 2020

BUs,0sm20: Built-up Area mapped to unique Sample FN for 2020

S,0SM: Denotes samples extracted from a union of big data sources and OSM derived data

# Extract Building Footprints from Open Street Maps

1

2:

for each FN not in BF20: /* Iterate for each cell in Fishnet Grid*/

/* If Aggregated Building Footprint area from OSM lies with the specified range of estimated

if 0.7*BFen20 < BFenOSM < 1.1*BFen20:
! N N o building footprints from M1 Model in FN*/

BFosm20=BFenOSM /* FNs becomes sample FN for model training (OSM)*/
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