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Why Network Kernel Dens1ty Visualization (NKDV)?

* Identity hotspot/coldspot (1.e., red/blue)
regions of a location dataset.

PR
{:"'-:'\" - .

Main applications

* Traffic/Traffic accident hotspot detection
* Crime hotspot detection

* Urban planning
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New York trafﬁc acc1dent dataset

* Supported by many software packages (e.g.,
spNetwork, SANET, and PyNKDYV)

What is NKDV? Why Gaussian Kernel?

* (Given a location dataset P = {py,p,, ..., Pn}
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and a road network ¢ = (V,E), we need to S | - JE
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* Some commonly used kernel functions: ‘ . |
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Challenges Piecewise-linear Approximate Solution (PLAN)

value
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dg(q,p)
Gaussian kernel Enable the short-tail property. Piecewise-linear approximation.
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| sO R E— Ot SO et O * Use Ap(q) to approximate Fp(q).
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* Does not have the sum-of-distance c? D N .plggh: .;;ﬁ?’value |P| b?
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* The time complexity of the state-of- Ap (v, Cp(w p) VLDB 2021
the-art solution is O(|E|Tsp + |P|L). Augmentation Use the binary search multiple times

Theoretical and Experimental Results

Method Time complexity Space complexity Accuracy guarantee
SOTA O(‘E‘Tgp + ‘P‘L) O(‘V‘ -+ ‘P‘ + L + Ssp) Exact
Bl AN O(\E\Tsp + LM|E|log ('—f;'))
(Theorem 1) O(|V|+ |P|+ L+ Ssp + M) e-absolute error
b ANs. | ©O (\E\Tsp + LM|E|log (%)) (Theorem 3) (Lemma 1)
(Theorem 2)
| Dataset VI B P Category N
Minneapolis [36] | 7,388 (12,913 (1,598,877 911 calls ,.,. L S
. £ SOTA
New York [37] [71,019120,623 1,897,418 [Traffic accidents| - Fm;:; 1 | 1
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. Absolute error Absolute error Absolute error Absolute error
Chlcago [25] pl1.11170,067]10,893,129 311 calls Minneapolis New York San Francisco Chicago
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