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What Is Spatiotemporal Kernel Density Visualization (STKDV)?

Shenzhen

shenzhen .

Color each pixel-timestamp (q, t;) pair based on the spatiotemporal
kernel density function F5(q, t;), where
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Commonly used spatial kernel functions and temporal kernel functions.
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(a) Hong Kong COVID-19 cases Example:

(e) 28™ January 2022 .

(d) 28t February 2021
Detect the disease outbreak based on the Hong Kong COVID-19 location dataset.

STKDV is computationally expensive, which takes O (XYTn) time.

* The resolution size (X X Y): 128 x 128

* The number of timestamps (T): 128

* The total number of data points (n): 1,000,000
The total cost is: 2.09 trillion operations ®

Core 1deas of Our Solution (PREFIX)

Overview of Existing Solution (SWS)
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Core idea 3: Takes O(XYL + Yn) time for
maintaining statistical matrices for L timestamps.

PREFIX (On-the-fly timestamps)

Set W+ to be W (t;) In Core idea 1.

Compute SISI}‘()Q) (q) forall pixelsqin O(Y(X +n)) time ©
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Theoretical Results
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PREFIX (Known timestamps)

Computing the statistical matrices for
all 2T prefix sets1s O(XYT + Yn) time
(by setting L = 2T in Core idea 3).

Since there are T windows, we can

compute Sv(;‘gtl) (q) for all pixels q in

(w)
Seerv0@ O (XYT) time. (based on Core idea 2).

The time complexity of PREFIX is
OXYT +Yn)©

Experimental Results
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