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The method proposed in this paper enables us to estimate the spatial distribution of physical quantities in
multiple geographical regions, where many low-precision sensors are densely placed and a small number of (or no)
high-precision sensors are positioned. For a region that has high-precision sensors, the method determines the
biases of the low-precision sensors placed in the regions accurately using the values of the high-precision sensors
and it corrects the values of the low-precision sensors precisely. Furthermore, the method divides the regions into
the clusters using the sensor data similarity as a similarity measure. Then, for a region that has no high-precision
sensor, it estimates the spatial distribution of physical quantities in the region by a novel multi-task learning that
transfers the regional shared-information in the cluster which the region belongs to. Some experiments show that
the method estimates the spatial distribution of physical quantities accurately.
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∗1 https://weather.us/observations/california/total-cloud-
coverage/20180201-1800z.html

∗2 http://climod.unl.edu
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