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ABSTRACT

This paper describes an implementation of a graph-based simultaneous localization and mapping(SLAM) method
called the General Graph Optimization. The General Graph Optimization formulates the SLAM problem using nodes and
edges. The nodes represent the location and attitude of a robot in time sequence, and the edge between the nodes
depict the constraint between the nodes. The constraints are imposed by sensor measurements. The General Graph
Optimization solves the problem by optimizing the performance index determined by the constraints. The implementation
is verified using the measurement data sets which are open for test of various SLAM methods.
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