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ing Form Based on Feature Extraction of Big Data
—Take university Campus as an Example
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Abstract: In recent years, the relevant exploration and application of big data technology in architecture and
urban design have been continuously updated and developed. Among them, how to abstract the visual data re-
lated to architectural form and apply it in design analysis and decision-making is one of the important proposi-
tions in data-driven design methods. This study takes university campus as the research object, through the
screening of map big data and element selection, collects the quantitative features related to the architectural
layout, and studies the feasibility of case matching and supporting design decisions from the perspective of ar-
chitectural morphology with the help of computational geometry, neural network and other technical means.
Firstly, the data was collected and screened from open source map. Secondly, through the computer geome-

try and neural network technology, the feature extraction methods were performed from three aspects: site,
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road and building. Finally, different features were integrated and an experiment of matching approximate ca-

ses according to the features and clustering results was conducted to validate the research methods. The re-

sults show that the research method can characterize the architectural morphology elements reasonably and

quantitatively and classify architectural samples from the perspective of morphology to explore the general

law, thus further helping designers to quickly obtain more reliable approximate case retrieval from big data to

support design decisions.
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trieval
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