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Abstract: In this paper, we utilize Maximum Scatter Difference (MSD) for indoor localization over Wireless Local
Area Network (WLAN) received signal data. Maximum Scatter Difference can solve the singular matrix problems by
linear discriminant analysis calculates the inverse matrix of within-class scatter matrix. The objective functions of
Maximum Scatter Difference are to maximize the inter-class scatter matrix and minimize the within-class scatter matrix.
Therefore, Maximum Scatter Difference cannot need to construct the inverse matrix of within-class scatter matrix. It
can avoid the singular matrix problems. We utilize location fingerprinting approaches for indoor localization. The ap-
proaches are divided into two parts including off-line and on-line stages. In the off-line stage, we collected received
signal data are projected onto the feature space of Maximum Scatter Difference. In the on-line stage, we receive
real-time signal data compared with the off-line stage that was collected data using Maximum Likelihood (ML) to esti-
mate current location. Maximum Scatter Difference applied to indoor WLAN localization that not only avoids the sin-
gular matrix but also reduces the localization computation. From Simulation results show that this algorithm can be
implemented.
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Figure 1. The structure of the database
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Figure 2. The structure of the MSD feature space
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Figure 4. The flow chart of indoor positioning for MSD
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Figure 5. The positioning accuracy versus number of the principal
components
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