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Algorithm 1 Data Transform process

Input: time series data x={x,, ..., x, }& R7* TN
Output:: video format data :2={§c1, -~-7-7A5t}ERBX TX Hx WX C
Phase 1: Mapping

arr < empty array
n < number of zones
fori=1tondo
arr[i] < insert ith zone's multivariate value
end for
Phase 2: Concatenate
result_arr <— empty array
fori=1tondo

if result_arr == empty then
result_arr <— arrfi]
else

result_arr <— CONCAT(result_arr, arr[i])
arr < insert ith zone’s multivariate value
end for
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