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Abstract
When modeling geo-spatial data, it is critical to capture
spatial correlations for achieving high accuracy. Spatial
Auto-Regression (SAR) is a common tool used to model such
data, where the spatial contiguity matrix (W) encodes the
spatial correlations. However, the efficacy of SAR is limited
by two factors. First, it depends on the choice of contiguity
matrix, which is typically not learnt from data, but instead,
is assumed to be known apriori. Second, it assumes that the
observations can be explained by linear models.
In this paper, we propose a Convolutional Neural Network (CNN) framework to model geo-spatial data (specifically housing prices), to learn the spatial correlations automatically. We show that neighborhood information embedded in satellite imagery can be leveraged to achieve the desired spatial smoothing. An additional upside of our framework is the relaxation of linear assumption on the data. Specific challenges we tackle while implementing our framework include, (i) how much of the neighborhood is relevant
while estimating housing prices? (ii) what is the right approach to capture multiple resolutions of satellite imagery?
and (iii) what other data-sources can help improve the estimation of spatial correlations? We demonstrate a marked
improvement of 57% on top of the SAR baseline through the
use of features from deep neural networks for the cities of
London, Birmingham and Liverpool.

1. Introduction
Housing prices are important economic indicators of
wealth and financial well-being in an urban scenario. In
addition to house-specific metrics such as number of rooms
and floors, square footage, and age, the location of houses
also have been shown to affect valuations [15, 17]. Neighbourhood effects include factors such as taxation policies,
availability of transportation and general amenities. In ad-

dition to housing prices, other socially and economically
relevant metrics such as crime-rates and pollution levels
[34, 28] also demonstrate spatial clustering. Hence, models designed to represent such geo-spatial data need to capture the underlying spatial correlations. Traditionally, spatially dependent phenomena as those mentioned above are
described using Spatial Auto-Regressive (SAR) models.
The SAR model combines neighbourhood relationships
between samples, and observed variables in a linear formulation to estimate spatially varying variables. The neighbourhood relationships are encoded in the form of a spatial contiguity matrix, and are often hand-designed with the
help of domain expertise. The choice of the spatial contiguity matrix can lead to a trial and error process and leaves
open the question of how to arrive at an optimal selection.
In this paper, we present a mechanism to learn the
neighborhood relationship patterns from the data. To do
so, we find that incorporating features for house locations learnt from satellite images is very effective. In recent times, multiple commercial real-estate listings websites [33, 32, 25, 30] store and display housing prices superimposed on satellite imagery from mapping services [20, 8].
The existence of such data makes large quantities of satellite images available with associated house prices. Satellite
images provide a ‘bird’s eye view’ of a location and the
neighbourhood it is situated in. In addition to the top-down
appearance of a house, they also provide contextual information about the immediate and larger area of surroundings.
We train Deep Convolutional Neural Networks (DCNNs)
to discriminate between images learnt at different spatial
scales corresponding to more and less affluent locations in
a given city. The features learnt in the process are combined
with house specific attributes through an estimator to arrive
at a price estimate. The main contributions of this paper are:
• We present a method where neighbourhood information
for geo-spatial samples is learnt implicitly through satellite image features

