Estimating building heights from
footprints and coarse-scale height data
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INTRODUCTION

METHOD

* Building height estimates are valuable inputs to a variety of important scientific models including fine-scale maps of  XGBoost [3] was used to predict building heights in Colorado with and without the addition of ANBH data. Colorado is a good
population, measures of stability in earthquakes, and climate change risks such as flooding. choice for a case study because it has a diverse building population, spanning rural to suburban to urban environments.

* Building footprints are highly predictive of height [1]. LiDAR directly measures both footprints and height but is * The training (80%) and testing (20%) dataset consisted of 898k buildings with LiDAR-based footprints and building heights. First,
expensive. Satellite imagery is cheaper and globally available. Footprints extracted from imagery allow footprint we trained a model with footprint-based features as the inputs: area, perimeter, building density, and so on. Second, we trained
feature calculation (area, perimeter, etc.), providing a means to estimate individual building height at scale. the same model but with ANBH as an input as well to see it accuracy would increase.

* Objective: Can coarse-scale measures of height further improve prediction over planar footprint features alone? * Note that our approach was restricted to regions where highly accurate LiDAR-data exists so that pristine footprints and true
We build a ML workflow to test impact of adding coarser-than building level 100m resolution height data to planar neights are available. This allowed a proof of concept under ideal conditions, but future work will examine how estimates may
footprint features. We test the workflow and assess the results for buildings in Colorado. oe diminished by less accurate satellite-derived footprints.

* Impact: Accurate building heights enable scaling efficacy and increase realism in built environment models. RESU LTS
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GAUNTLET features CONCLUSION

footprint area
footprint perimeter
# of vertices

 Adding ANBH as an input resulted in a negligible increase in performance according to all three metrics: MAE, RMSE, and R?.
We conclude that the ANBH average height does not significantly improve building height prediction accuracy, even for tall
buildings. This means that there is unlikely to be height information present in the coarse-scale ANBH data that is unattainable

from the fine-scale footprint-based features identified in [1].
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... (55 other features)

* Interestingly, XGBoost feature importance for ANBH was 4t highest, after minimum building height within 100 meters (15t),
complexity ratio (2"9), and footprint area (3'). This means ANBH contains more height information than most footprint-base
features but does not have significant height information beyond top performing planar features. Future work could include
other predictive features visible in satellite imagery, such as road networks [1], or use a neural network instead of XGBoost.
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