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Abstract—Kernel density analysis (KDA) is a commonly used
tool in various application domains. Some representative exam-
ples include disease outbreak detection and crime/traffic/traffic
accident hotspot detection. However, KDA is a slow operation,
which cannot scale to large resolution sizes and large-scale
datasets. In addition, domain experts also adopt the more
complicated variants of KDA, e.g., spatiotemporal kernel density
analysis (STKDA) and network kernel density analysis (NKDA),
which deteriorates the efficiency issues for analysis. Furthermore,
existing software packages cannot simultaneously support KDA,
STKDA, and NKDA and some of them require the prior
programming skills, which may not be equipped by domain
experts. In order to address the above efficiency, versatility, and
usability issues, we develop the QGIS plugin, called Fast Density
Analysis, which is based on our complexity-reduced algorithms
for supporting KDA, STKDA, and NKDA. With the concise user
interface, users do not need to have any prior programming
skills for using this plugin. In this demonstration, we offer
three location datasets (with up to 8.32 million data points) for
participants to (1) compare the efficiency between this plugin
and existing software packages and (2) conduct case studies to
discover hotspots/hidden patterns in these datasets.

I. INTRODUCTION

Kernel density analysis (KDA) [13], [15] is deemed to be
an accurate and important tool for analyzing location datasets
(especially for hotspot visualization), which has often been
used in different application domains. Epidemiologists [17]
adopt this tool to analyze disease outbreaks in different cities
and countries (e.g., COVID-19 cases in Hong Kong). Crime
and traffic experts [18] also adopt this tool to analyze crime
and traffic/traffic accident hotspots, respectively, in order to
understand the underlying phenomena of these geographical
events. Yet, KDA is a computationally expensive tool, which
has already been complained by many domain experts for
more than two decades [15], [16]. The main reason is that
most of the existing methods still suffer from high time
complexity for supporting this tool. Worse still, domain experts
further adopt the more complicated variants of KDA, including
spatiotemporal kernel density analysis (STKDA) [17] and
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network kernel density analysis (NKDA) [18], which aim to
discover spatiotemporal hotspots and hotspots that are on/align
with a road network, respectively, leading to even higher time
complexities for analysis. Furthermore, there is currently no
all-in-one software package that can simultaneously support
these three tools. In addition, some software packages that
can support these tools also require the prior programming
skills (e.g., python and R), which can act as the barrier for
some domain experts who do not acquire these skills.

To overcome the efficiency, versatility, and usability issues
of using KDA, STKDA, and NKDA, our preliminary research
studies have successfully proposed three complexity-reduced
algorithms, called sweep-line algorithm (SLAM) [13], prefix-
matrix-based algorithm (PREFIX) [11], and aggregate distance
augmentation algorithm (ADA) [12], respectively. Further-
more, we integrate these algorithms into a new QGIS plugin,
namely Fast Density Analysis [7], for supporting all these tools
simultaneously in this work. Since this plugin is used in QGIS,
domain experts can interact with the easy-to-use user interface
for using these three tools, without prior programming skills.
With the low time complexities of these algorithms, this plugin
can achieve significant speedups compared with the corre-
sponding tools from other commonly used software packages,
including QGIS [9], ArcGIS [5], PySAL [2] (a python pack-
age), spatstat [3] (an R package), spNetwork [4] (an R pack-
age). Although we have already incorporated SLAM and ADA
into the python libraries, LIBKDV [10] and PyNKDV [14],
respectively, using these two libraries requires the python
programming skills and each of these libraries cannot support
all three tools. Table I compares different software packages.
Observe that Fast Density Analysis can address efficiency,
versatility, and usability issues. Therefore, this plugin has
received significant attention in the GIS community. Until 1%
February 2026, the number of downloads of this plugin
has already reached 19,799.

In this paper, we discuss the technical overview and user
interface of our plugin in Sections II and III, respectively. In
Section IV, we provide the demonstration plan.



TABLE I: Comparisons of software packages for supporting
KDA, STKDA, and NKDA, where n.a. denotes that the
software package cannot support the corresponding tool.

[ KDA [ STKDA | NKDA [ Prior skill |

| Software package

QGIS [9] slow n.a. n.a. no

ArcGIS [5] slow n.a. n.a. no
PySAL [2] slow n.a. n.a. python

spatstat [3] slow n.a. n.a. R

spNetwork [4] n.a. n.a. slow R
LIBKDV [10] fast | medium | n.a. python
PyNKDV [14] n.a. n.a. fast python

Fast Density Analysis (ours) | fast fast fast no

II. TECHNICAL OVERVIEW

We first formally define the KDA, STKDA, and NKDA
problems in Section II-A. Then, we briefly discuss the cor-
responding state-of-the-art solutions, which are SLAM (for
KDA) [13], PREFIX (for STKDA) [11], and ADA (for
NKDA) [12], in Sections II-B, II-C, and II-D, respectively.
A. Problem Definitions

To generate a hotspot map for a location dataset (see the red
data points in Figure 1a) based on KDA, we need to color each
pixel by computing its kernel density value (see Figure 1b),
which is formally defined in Problem 1.

(a) Hong Kong COVID 19 cases (b) Hotspot map
Fig. 1: Generating a hotspot map (based on KDA) for the
Hong Kong COVID-19 location dataset.

Problem 1: (KDA [13]) Given a spatial dataset P =
{P1,P2, ..., Pn} With size n and a plane with X xY" resolution
size, we need to compute the kernel density value Fp(q) (see
Equation 1) for each pixel q
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where Kgpace(d, p) denotes the spatial kernel (see Table II).

TABLE II: Some commonly used spatial kernels in QGIS and
ArcGIS, where d(q, p) and b, denote the Euclidean distance
and the spatial bandwidth, respectively.

| Kernel | Kspace (q) p) |
1——d ,p)? ifd(q,p) <bs
Epanechnikov (a.p)" if d(q .p) N
0 otherwise
1— d(q,p)?)? ifd(q,p) < bs
Quartc {( srd(a.p)*)’ if dlq,p) <
0 otherwise

Note that various geographical phenomena depend on the
occurrence time of each event (e.g., different waves of
COVID-19 cases). As such, domain experts aim to generate
time-dependent hotspot maps based on STKDA (see Figure 2),
which is defined in Problem 2.

(d) 2 May 2021

(c) 29t January 2021
Fig. 2: Generating time-dependent hotspot maps with respect
to different timestamps based on STKDA for the Hong Kong
COVID-19 location dataset (in Figure 1a).

__Problem 2: (STKDA [11]) Given a spatiotemporal dataset
P ={(p1,tp,): (P2,tps)s s (Pn, p, )} With size n, T' times-
tamps, and a plane with X x Y resolution size, we need to
compute the spatiotemporal kernel density value F5(q, ¢;) for
each pixel- tlmestamp pair (q,t;) (see Equation 2).

Z Kspace q,p ) : Ktime(tiv tp) (2)
P, tp)EP
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where Kyime(ti, tp) denotes the temporal kernel (by replacing
q, p, and b, with ;, t5, and b, (the temporal bandwidth),
respectively, in Table II).

In addition, some geographical events (e.g., traffic acci-
dents) are mainly on/along with road networks. To accurately
analyze hotspots for these events, we need to generate a
hotspot map on a road network based on NKDA (see Figure 3),
which is defined in Problem 3.

( a c ents (b) Htspot map road network
Fig. 3: Generating a hotspot map (based on NKDA) on a road
network for the New York traffic accident dataset.

Problem 3: (NKDA [12]) Given a road network G = (V, E)
and a location dataset P with size n that is mapped on G, we
need to compute the network kernel density value JF I(E,G)(q)
(see Equation 3) for each lixel q (i.e., the center position of
the equal-size line segment on each edge).
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where K¢ (q,p) is the kernel based on the shortest path
distance (i.e., replace d by dg in Table II).



B. SLAM for KDA

To efficiently solve the KDA problem, our preliminary
work [13] first discovers that the evaluation of Fp(q) (see
Equation 1) for each row of pixels (e.g., blue pixels in
Figure 4) can be converted to an interval stabbing problem.
Based on this, we then further develop SLAM for solving this
problem in O(X + n) time. Since there are Y rows in total,
the time complexity of SLAM is O(Y (X + n)).
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Fig. 4: An overview of SLAM.
C. PREFIX for STKDA
To efficiently solve the STKDA problem, our preliminary
work [11] formally shows that F Ig(q, t;) (see Equation 2) can

0X +n)

be represented by each statistical matrix S‘(};)( t,)(q) with each
u (see the blue matrix in Figure 5).

Sl(/;/{%h)(q) = Z t; : Kspace(qa p) 4)
(pitp) EW (2:)

where W (¢;) and u denote the set of data points (p,tp) that
are inside the window [t; — b;,t; + b;] (e.g., green circles)
and a positive integer, respectively. Note that v depends on
the kernel (e.g., w = 0, 1,2 for the Epanechnikov kernel).

Fig. 5: An overview of PREFIX.

With this concept, we further develop the solution, called
PREFIX, which first utilizes SLAM to compute the statistical

matrix Sl(su()t)(Q) (by replacing W (t;) with P(t) in Equation 4)

for the prefix set ﬁ(t) in each end position ¢ of the window
(e.g., t; — b, in Figure 5), where

P(t) = {(p,tp) € P: tp <t} (5)
Based on these statistical matrices 3’1(3“(1) (q) (see the red and

orange matrices), we can compute S‘(,;)( t) (q) (see the blue and
pink matrices) based on the following equation.

() — g _ g
Swiry(@) = Sﬁ(ti+b.,.)(q) Sﬁ(t,;—b.r)(co (6)
Our preliminary work further shows that PREFIX can achieve
O(XYT + Yn) time for solving the STKDA problem.

D. ADA for NKDA
In [12], we reveal that once we have augmented the aggre-
gate terms ag(e 5,)13) and ag(e f?p) (see Equation 7) in advance for
the data point p on each edge e = (u,v) in G (see Figure 6),
we can efficiently compute F, I(DG)(q).
agf(ei)p) = Z de(u,p)*? and agf(e‘f’)p) =
PEP(u,p)

Z dc (Vv p)deg

PEP(v,p)
@)

where deg is the positive integer, which is based on the kernel
(e.g., deg = 0,1, 2 for the Epanechnikov kernel).
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Fig. 6: An overview of ADA.

We further show that the time complexity for solving the
NKDA problem based on ADA is O(|E|(Tsp+ L log (%‘)))
where L and Tsp denote the number of lixels and the time
complexity of the shortest path algorithm, respectively.

III. USER INTERFACE

Figure 7 illustrates the user interface (UI) of Fast Density
Analysis so that users can call those fast algorithms in Sec-
tion II-B, Section II-C, and Section II-D to compute KDA,
STKDA, and NKDA, respectively.

KDA. Observe from Figure 7a that users need to provide the
dataset (stored in a csv file) in the “Input point layer” box and
specify the longitude and latitude attribute names (e.g., lon and
lat, respectively) in the dataset. In addition, they also need to
set the number of row pixels X, the number of column pixels
Y, and the spatial bandwidth b, in the “Width”, “Height”, and
“Spatial bandwidth (meters)” boxes, respectively.
STKDA. Figure 7b shows the UI of STKDA, which is similar
to the one of KDA. The main differences are that users also
need to provide the temporal attribute name (e.g., day_idx) in
the “Time” box, the number of timestamps 7' (e.g., 32) in the
“Time-axis” box, and the temporal bandwidth in “Temporal
bandwidth (days)” box. In addition, users can also specify the
starting and ending dates for the time-dependent hotspot maps
of STKDA in the “Start” and “End” boxes, respectively.
NKDA. In Figure 7c, users need to provide the dataset! in the
“Input point layer” box and set the bandwidth and the lixel
length (i.e., the length of q) in the “Bandwidth (meters)” and
“Lixel size (meters)” boxes, respectively.

IV. DEMONSTRATION PLAN

We will use three datasets (with up to 8.32 million data
points), which are (1) Hong Kong COVID-19 dataset [1], (2)
New York traffic accident dataset [8], and (3) Chicago crime
dataset [6], for conducting the following demonstrations to
compare the efficiency of Fast Density Analysis with those
software packages in Table I. In addition, we also conduct
case studies for using our plugin.

IThe format is the same as the one in KDA. Note that this plugin extracts
the corresponding road network and maps those data points on it.
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Fig. 7: The user interface of Fast Density Analysis for supporting KDA, STKDA, and NKDA.

Varying the resolution sizes. In KDA, STKDA, and NKDA,
we will choose multiple resolution sizes X x Y, X xY x T,
and the lixel size, respectively, for testing the response time
of each software package. As an example, we will choose
four resolution sizes, 160 x 120, 320 x 240, 640 x 480, and
1280 x 960, for the demonstration of KDA.
Varying the bandwidths. Recall that we need to set the
bandwidths (which can significantly affect the visual quality)
for KDA, STKDA, and NKDA. Therefore, we will vary them
in this demonstration. As an example, we will choose 250m,
500m, 1000m, 2000m, 4000m for the demonstration of KDA.
Case studies. We will adopt different approaches for using
our plugin to discover hotspots/hidden patterns in these three
datasets, including (1) the exploration of hotspots in different
geographical regions (e.g., investigate traffic accident hotspots
in the Manhattan region of New York) and (2) the exploration
of the reasonable visualization with different bandwidths.
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