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Estimate building and transportation 
energy consumption at a 

disaggregated level

Main Objective

Detailed disaggregated data is valuable to 
energy planners, researchers, and policy 

makers

Data+ Goal
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Identify built infrastructure location and size 
as a proxy for energy demand.

Develop machine learning algorithms to 
extract these objects rapidly and cheaply from 

remotely senses images.

Create a large dataset of images, 
building and road annotations, and 

height for machine training. 

Estimate geospatial building and 
transportation energy consumption.



Approach to Building and Road Dataset Creation

The very first step to construct the ground-truth data was to select candidate 
cities with readily available building and road annotations, LIDAR and high 
resolution orthoimagery (0.3 meters or finer). We chose diverse cities, including 
urban and suburban areas across the country, and then took two to three images 
from each city. Our next step after collecting the raw data was to crop the large 
LIDAR files and shapefiles to the orthoimages. After completing this process, 
each orthoimage had a shapefile and a LIDAR file that correspond with it 
exactly. The cropped LIDAR, which came in a binary .las file, then needed to be 
converted to a text format to be read in Matlab. The LIDAR text file included 
the x- and y-coordinates for a collection of discrete points, as well as the 
corresponding height values for those points, but in order to work with the 
orthoimages, the LIDAR needed to be interpolated to fit on a grid identical to 
the pixels in the image. We used nearest-neighbor interpolation, as shown below.

For consistency with the orthoimagery, the geographic coordinates belonging to 
the buildings or roads in the shapefile are converted to pixel coordinates with a 
linear transformation in Matlab.  
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Step 1. Select candidate cities with readily available building and road 
annotations, LIDAR and high resolution orthoimagery (0.3 meters or finer). 

Step 2. After collecting the raw data, crop the large LIDAR files and 
shapefiles to the orthoimages. 

Step 3. Convert cropped LIDAR, which comes in a binary .las file, into a 
text format to be read in Matlab. Interpolate the LIDAR to fit in a grid 
corresponding to the orthoimage pixel locations (see figure below).

Step 4. Geographic coordinates of the building and road shapefiles are 
converted to pixel indices to make overlaying them on orthoimagery in 
Matlab more convenient. 

Processed files include the high resolution imagery, interpolated 
height information, building and road annotations, all cropped to 
the same extent. 

We wrote ArcGIS and MATLAB 
code to run through all these 
steps. Code and documentation 
is included in our final output.



figshare Database

Our dataset contains:
• 9 cities
• 25 images
• 40,000+ buildings This rich dataset is one of the first of its kind in terms 

of image diversity and scale that has been released 
for public use.  

In the fall, a Bass Connections team will use it to 
explore building detection and volume estimation.

The project will benefit both the machine learning 
community – by creating a detailed ground-truth 
dataset on which to teach algorithms – and energy 
resource planners and policy makers – by providing 
information on disaggregated energy end-use and 
consumption. 

Final dataset is published at 

where it is publicly available to the 
research community. Our code, tools, and 
documentation are also included.

Completed dataset optimized for reading into MATLAB, to 
make future machine learning work more convenient. 


