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Abstract

Objectives: The study aimed to examine performing cell-based classification (PBC), and objective-
based classification (OBC) of space visuals within digital environments of geographic technologies,
as well as a statistical comparison between the machine learning algorithms used, and to evaluate
their accuracy in classifying categories/qualifying the use of Land (LU) for the purpose of
producing qualitative maps with high accuracy that can be relied upon in applied studies and
development planning projects.

Methods: The study relied on a quantitative analytical approach in collecting and analyzing its
data, using Geographic Information Systems (GIS) technology. And applying machine learning
algorithms. This is done on a random sample in the category-based classification and the application
of evaluating the validity of the classification.

Results: Applying objective-based classification (OBC) is very effective in urban and similar
environments, with the overall accuracy reaching 92.72%, and the Kappa coefficient value reaching
89.86%. The results of the statistical comparison between machine learning algorithms (partial
accuracy assessment) for mapping cover/land use also showed that the water category was 100%,
followed by the agricultural land category at 98.2%, then the vacant land category at 95.6%, while
urbanization recorded a rate of 90.8%.

Conclusions: The guidance in choosing the appropriate algorithm to improve classification
accuracy is due to some controls that must be taken into account, the most important of which is
determining the category to be classified, and the study may represent a model applicable to similar
urban environments.
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