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Abstract — An approach to speed up the DBSCAN algorithm is
suggested. The planar clusters to be revealed are assumed to be
tightly packed and correlated constituting, thus, a serpentine
dataset developing rightwards or leftwards as time goes on. The
dataset is initially divided into a few sub-datasets along the time
axis, whereupon the best neighbourhood radius is determined over
the first sub-dataset and the standard DBSCAN algorithm is run
over all the sub-datasets by the best neighbourhood radius. To find
the best neighbourhood radius, it is necessary to know ground
truth cluster labels of points within a region. The factual speedup
registered in a series of 80 000 dataset computational simulations
ranges from 5.0365 to 724.7633 having a trend to increase as the
dataset size increases.
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cluster, speedup.

I. THE DBSCAN ALGORITHM PERFORMANCE

The DBSCAN algorithm is capable of revealing clusters of
arbitrary shape by domain minimal knowledge [1], [2].
Fundamentally, DBSCAN groups points using the conception
of e-neighbourhood of a point and a specified minimum number
of neighbouring points ¢min [3], [4]. This is further
supplemented with the conceptions of core points, directly
reachable points, non-directly reachable points, and outliers [2],
[5], [6]. Furthermore, a symmetric notion of density-
connectedness is added to rectify the non-symmetric relation of
the reachability [3], [7]. DBSCAN, thus, defines the density by
the neighbourhood radius € and number gmin, where a cluster
contains at least gmin points. The e-neighbourhood is defined as
a set of points falling within radius & by using a preliminarily
taken distance function [3], [4], [8], [9]-

Contrary to other commonly used clustering algorithms like,
e. g., k-means [4], [10], [11], the DBSCAN algorithm performs
much better in identifying non-globular shapes and revealing
outliers [12], [13]. Along with incomparably higher accuracy
on such datasets, DBSCAN performs fast enough. Thus, for N
points in a dataset, the DBSCAN average runtime complexity
is O(NlogN) [14], [15]. However, if a dataset contains regions
whose density varies too much, DBSCAN hyper-parameters €
and gmin require finer tuning [16], [17]. Moreover, the distance
function defining the e-neighbourhood becomes another hyper-
parameter, which may heavily affect the DBSCAN accuracy
[18], [19]. Furthermore, volatile-density regions provoke worst-
case scenarios of the DBSCAN runtime whose quadratic
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complexity O(N?) is also possible [20], [21], not including time
spent for tuning the DBSCAN hyper-parameters.

DBSCAN performs worse on larger datasets [22]. Finding an
appropriate value for ¢ takes more time and computational
resources for higher-dimensional data. While OPTICS, another
clustering algorithm, mostly rectifies the mentioned drawbacks
of DBSCAN, its performance on larger datasets is far poorer
because the OPTICS algorithm is mainly intended for
hierarchical clustering [23], [24]. In addition, OPTICS on
average is 1.6 times slower than DBSCAN [25], [26].

II. GOAL AND TASKS TO BE ACCOMPLISHED

Time-developing clusters are an example of non-globular
shapes, where points occupy new regions rightwards or
leftwards as time goes on. A time series can be a particular case
of a planar dataset of time-developing clusters, but generally the
latter are generated by digital traces of a few objects tracked by
an observer [27], [28]. Visually a dataset of such clusters
reminds a bunch of serpentine traces on a two-dimensional map,
so it can be called a time-serpentine dataset [29]. The number
of clusters tracked is known, but the number of their registered
positions grows severely due to noise that breaks a registered
position into a few ones [30], [31].

As the DBSCAN algorithm performs poorly on large
datasets, the goal is to study a possibility of speeding up the
DBSCAN performance by not decreasing its accuracy with
respect to time-serpentine datasets. To achieve the goal, the
following four tasks are to be accomplished:

1. To suggest an approach that could possibly speed up the
DBSCAN algorithm clustering of large time-serpentine
datasets of planar points.

2. To study the performance of the suggested DBSCAN
update on time-serpentine datasets.

3. To discuss the possible speedup, if any, of the updated
DBSCAN algorithm, and rank limitations of its
application.

4. To conclude on the scientific and practical contribution to
applied computer science and outline a possibility of
further research.

III. HYPER-PARAMETER TUNING

An approach that could possibly speed up the DBSCAN
algorithm clustering must be based on two items:
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1. Using the best values of the DBSCAN hyper-parameters. P = Pou ( 8*) , (4)
2. Clustering in parallel by preliminarily partitioning the
dataset into sub-datasets. Prn = Pots ( e*) , (5)
Usually the most rational value of gmin is 3 and the distance
function is Euclidean [3], [32], [33]. Therefore, within initial Pesnt = Peont (g*) (6)

approximation, it remains to find a quasi-optimal value of the
neighbourhood radius. It is assumed that a large serpentine
dataset is of either non-sparsely scattered clusters or tightly
connected clusters, so it is possible to divide the dataset into
multiple sub-datasets in order to apply the standard DBSCAN
algorithm to every sub-dataset separately (in parallel, if parallel
processor cores is available). This resembles the divide-and-
conquer approach, according to which a large combinatorial
optimization problem is itself clustered into sub-problems,
whereupon they are solved independently [34], [35]. For
instance, this has been successfully applied to solving large
traveling salesman problems whose nodes are scattered within
a globular shape [36], [37]. However, a serpentine dataset of
time-developing clusters cannot be clustered in that way. A part
of tightly connected points is taken instead. Points in this part,
which is a sub-dataset of a reasonable size, should represent all
the clusters having approximately the same number of
representatives in each cluster.

Hence, the dataset is divided into d sub-datasets, and the very
first sub-dataset is repeatedly clustered by the standard
DBSCAN algorithm within a range of the neighbourhood
radius. Obviously, the minimum &mix and maximum &max values
in this range depend on the scale of points. So does the step Ae
by which the neighbourhood radius is incremented. The
selection of these three values stands out as an additional task
that requires some experience and knowledge about the dataset
scale [38], [39].

The neighbourhood radius is a variable to the performance
accuracy function represented as a percentage of points
incorrectly assigned (generally speaking, missed) upon
clustering. This function pmis(¢) is studied on the
neighbourhood radius interval [€min; €max]. Value pmiss(€) is
decomposed into three categories of the missed points: outliers
whose percentage is pou(€), points incorrectly assigned to non-
existing (other) clusters whose percentage is pom(€), and points
incorrectly assigned to existing clusters but their labels are
factually incorrect (confused) at a percentage rate of peont(€).
Thus,

pmiss (8)=p0u1(8)+poth (8)+pconf (8) (1)
In general, the best neighbourhood radius is selected as
g e

min ]pmiss (8) 2 (2)

E€[Emins Ema
resulting in the minimum possible percentage of missed points
Pmiss = Pmiss (8 ) ’ (3)

which is the best achievable accuracy. Nevertheless, it is worth
noting that the solution of problem (2) may not imply that
percentages

are simultaneously minimal along with (3). Besides, the best
achievable accuracy may heavily depend on how Acg is selected
[40], [41].

Having found the best neighbourhood radius, at which the
primarily taken first sub-dataset is already clustered optimally
with the accuracy of (3), the remaining d — 1 sub-datasets are
clustered by €". The overall accuracy is the sum of percentages
(3) taken over the d sub-datasets. The percentages of the
components of the overall accuracy decomposed into (4)—(6)
are calculated in the same way.

Obviously, such a hyper-parameter tuning is possible only by
knowing ground truth cluster labels of the first sub-dataset
points. Values &min, €max, A€ are the neighbourhood radius tuning
parameters (which subsequently might be called the tuning
meta-parameters).

IV. PERFORMANCE ON SERPENTINE DATASETS

The performance of the suggested DBSCAN update (or, the
tuned DBSCAN, in other words) on time-serpentine datasets is
studied over values

* * * * *
€, pout’ poth > pconf H pmiss' (7)

The serpentine dataset size S is varied from 103-C to 10*C
points with a step of 10%-C points, where the factual number of
clusters C is varied from three to 18 clusters. A serpentine
dataset point

2

[x; »le

is randomly generated using values
E:!ct s ect s S(St > gct

of normally distributed random variables with zero mean and
unit variance for point ¢ belonging to cluster ¢, where

¢=1,C and 1=1,T, k=t+(c-1)-T, k=1,S  (8)

and S=C-T:

_ 1007
T-1

(t=1)+3mc+o0k,, ©9)

Xk
by (8), where a is randomly chosen from a set of numbers
1999
{0.1 +L} :
1110) ;-
Values 1 and p of two normally distributed random variables

with zero mean and unit variance are additionally used to impart
more volatility to the dataset density along vertical component

(10)
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. A . 999
yk :(Blct SIn(mlxk)JrBth COS(mZxk ))em + 0.0005 + J } (16)

1% + 7,8, —4-(c—1) (11) 222000 ;-9
by (9), (8), and and it is set negative if n <O0; coefficient y; is chosen
independently randomly from set (16) and it is set negative if

Bit =Boi +0.1250,,, (12)  p<0; coefficient v, is non-randomly set to values

Boer =Boser +0.1259,, . (13) {0.1,0.2,0.3,0.4,0.5} (17)

In (12), (13), both B, and B, are independently randomly

chosen from a set of numbers

. 1999
{3+L} .
999 ;-
In (11), both @ and ®, are independently randomly chosen
from a set of numbers

(14)

. 999
{0.01+ J } : (15)

11100/,

exponential growth coefficient A is chosen randomly from a set
of numbers

by the order in set (17). Values in (17) constitute a set of five
versions of noise magnitude. An example of the serpentine
dataset generated by (9), (11), (8), (10), (12)—(16) at the noise
maximum is presented in Fig. 1. Another example, at the same
noise magnitude, is presented in Fig. 2, where the number of
clusters is six times greater. It is worth noting that the horizontal
scaling of these scatter graphs is the same, and the vertical
scaling is maintained at the same aspect ratio. Thus, the seeming
difference in the “thickness” of the clusters is an illusion caused
by a vaster domain of the dataset with 18 clusters. A subtle
peculiarity herein (clearly seen in Fig. 1, although less clearly
observable in Fig. 2) is the cluster density, which is lower at
cluster boundaries as points within every cluster interior are
located more compact. A subtler peculiarity is that the
“thickness” of the seemingly “thinner” 18 clusters in Fig. 2
varies far more than that in Fig. 1.

Fig. 1. An example of the serpentine dataset of 30 000 points within three clusters, 10 000 points in each cluster. The noise is at maximum. Visually, the clusters
are easily separated by the cluster density, but it is lower at cluster boundaries as points within every cluster interior are located more compact.

A specificity of the datasets generated by (9), (11), (8), (10),
(12)—(17) is that every next cluster whose points located
vertically lower is shifted to the right. This is intentionally done
to prevent an almost simultaneous “start” of clusters of a time-
serpentine dataset. Consequently, the lower cluster “ends later”
on the right. Besides, clusters in a dataset resemble each other
to some extent. For instance, the meandering clusters in Fig. 1
appear to be just replicas of a noised pattern, apart from the
small starting part of the upper cluster. Nevertheless, replication

is not regular — in the upper part of the dataset in Fig. 2, for
instance, the fourth cluster from above has an almost vertically-
stable region quite dissimilar to the same regions of the clusters
above (see Fig. 3).

Figure 3 also shows an example of that clusters severely vary
in density, although it may be not apparent from the general
view (like that in Fig. 2). In vertical direction, clusters tend to
be the “thinnest”. Contrary to that, clusters tend to be the
“thickest” in horizontal direction.
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Fig. 2. An example of the serpentine dataset of 90 000 points within 18 clusters, 5000 points in each cluster. Despite the noise is at maximum, the cluster density
seemingly is not as much varying as that in Fig. 1, where the three clusters appear to be “thicker”. Here the 18 clusters seem to be much “thinner” being still well-
separated visually. In reality, however, the “thickness” of the clusters varies far more than that in Fig. 1 (see Fig. 3).

A more obvious feature of the serpentine datasets generated  to make recognisability and distinguishability of clusters more
by (9), (11), (8), (10), (12)—(17) is a distinct synchronism of  difficult. This allows studying worst-case scenarios of the
their clusters. The serpentine arcs nearly coincide, which is  clustering algorithm performance by having greater gaps in
clearly seen in Figs. 1-3. Moreover, concavity and convexity of  accuracy and, likely, deliberate slowdown in runtime.
the serpentine arcs coincide exactly. This is intentionally done

Fig. 3. A cut-off of a zoom-in on the upper part of the dataset in Fig. 2 (the same aspect ratio is maintained). The zoom-in shows the varying density of the clusters
in more detail. The “thickness” of the clusters is near its minimum when the serpentine develops more in vertical direction. The “thickness” of the clusters is near
its maximum at either the serpentine arcs or when the serpentine develops more in horizontal direction.

The serpentine dataset generation is repeated for 100 times, obtained and registered for the suggested DBSCAN update with

where the first sub-dataset with ground truth cluster labels isa  the hyper-parameter tuning (briefly, 1-tuned DBSCAN), for
tenth part of the whole dataset. The performance results are ~ which a quasi-optimal value of the neighbourhood radius is
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determined by (2), where &min = 0.01, &max = 5, Ae =0.1. Then TABLE III
the standard DBSCAN algorithm is applied to the dataset with DBSCAN INACCURACY VERSUS CLUSTER SIZE
the determined quasi-optimal value of the neighbourhood Points in o , Standard
radius €. The third approach lies in determining the best t;;ﬂzziras Minimum |~ Average | Maximum | g i ion
neighboprhood radius for the whole dataset and .the subsequer}t 1 0 62.6627 | 997235 | 355600
application of the standard DBSCAN algorithm (for this 2 0 56.5287 99.405 39.5669
approach, it is designated as DBSCAN¥*). Every numerical 3 0 50.7411 | 99.3784 | 39.9859
result of the performance (both accuracy and runtime) is stored 4 0 48.0162 97.55 40.1831
10%16x5%100 The f di . | . 5 0 52.0271 97.8586 39.8846
as a array. 1he lour-dimensional array 1S 6 0 48.9661 | 94.5056 | 39.9975
averaged over the fourth dimension (repetitions) and processed 7 0 58.2835 | 97.1657 | 37.7901
further. 8 0 54.8974 | 94.4625 | 39.5227
The minimum, average, and maximum percentages of the 9 0 520105 | 94.5531 | 39.6756
. . . 10 0 57.957 95.21 38.5499
missed points are presented in Table I for each of the three
approaches. The minimum is expectedly 0, and the maximum TABLE IV
reaches unacceptable rates, apart from the outliers. DBSCAN* INACCURACY VERSUS CLUSTER SIZE
Nevertheless, the 1-tuned DBSCAN inaccuracy is about Pomts m
27.1 %, which is twice as lower at the standard DBSCAN, cluster, Minimum | Average | Maximum géi?i?;i
whereas DBSCAN* is also almost 30 % worse. thousands
1 0 51.354 94.1176 35.1789
TABLE I 2 0 42.435 94.3472 37.4062
PERCENTAGES OF THE MISSED POINTS BY CATEGORIES 3 0 334541 | 94.4444 3621
4 0 29.8574 94.3833 36.2104
Performance| Algorithm | Minimum | Average | Maximum Starlldgrd 5 0 34.9762 94.4444 36.7743
deviation 6 0 31.2271 94.1176 36.4199
1-tuned 0 0.1238 286 0.2704 7 0 38.5605 94.4444 37.4931
o DBSCAN 8 0 35.4963 94.1176 37.1912
o DBSCAN 0 0.0802 2.5775 0.212 9 0 33.4505 | 94.4444 | 36.7577
DBSCAN* 0 0.1328 2.5688 0.2568 10 0 37.9878 04.4444 37.8465
1 -tuned 0 13677 | 54.9604 | 4.8603
P, DBSCAN The standard deviation value in Table I seemingly correlates
oth DBSCAN 0 3.0116 | 92.9647 | 12.3539 ) 1 nmgly
DBSCAN* 0 35257 814321 | 104487 with the average: the lower deviation value is typical for the
1-tuned 0 256548 | 944444 | 254395 lower average. In Tables II-1V, the standard dev1athn c.loes. not
o DBSCAN correlate with the average. The lowest standard deviation is at
conf
DBSCAN 0 51.1173 94.8833 38.7091 the 1-tuned DBSCAN.
DBSCAN* 0 33.2214 94.4444 34.9281 N
p The 1-tuned DBSCAN averaged inaccurac s presented
Dg;é‘TN 0 27.1463 | 944444 | 267576 ) & Y Puiss P
oo in Table V grows as the number of clusters increases. The
miss DBSCAN 0 54.209 99.7235 39.3447 . . f 15.1% to 38.5%. Th
DBSCAN* 0 36.8799 | 944444 | 372358 inaccuracy average increases from 15.1 % to 38.5 %. The

The

presented in Table II with respect to the cluster size. The
minimum is expectedly 0, and the maximum reaches
unacceptable rates, although the average ranges from 22.3 % to
35.2 %. This dependence for the standard DBSCAN (Table I1I)
is much worse at its average. The DBSCAN* averaged
inaccuracy is also unacceptable at any cluster size (Table IV).

1-tuned DBSCAN averaged inaccuracy p;iss is

TABLE IT
1-TUNED DBSCAN INACCURACY VERSUS CLUSTER SIZE
Points in
cluster, | Minimum | Average | Maximum ?ar}de}rd
eviation
thousands
1 0 35.1524 89.4556 27.567
2 0 30.0864 88.2389 27.8728
3 0 22.2566 94.4444 25.138
4 0 23.305 90.2875 26.1915
5 0 25.8529 87.1443 259151
6 0 22.6197 88.8889 25.09
7 0 30.4215 93.75 27.3401
8 0 26.8843 90.555 26.6312
9 0 25.5344 85.5457 26.081
10 0 29.3496 88.8906 26.7412

similar trend is observable for the standard DBSCAN
(Table VI) whose inaccuracy average increases from 41 % to
64.2 %. The DBSCAN* averaged inaccuracy increases from
21.1 % to 50.1 % (Table VII). The standard deviation in
Tables V-VII increases as the number of clusters increases.

TABLE V
1-TUNED DBSCAN INACCURACY VERSUS NUMBER OF CLUSTERS

Number of Minimum | Average | Maximum Star}dz.ird
clusters deviation

3 0 15.0685 66.6667 16.0574

4 0 16.8318 61.775 17.3966

5 0 20.3785 80 20.5663

6 0 20.9759 83.3333 22.4075

7 0 22.7907 85.7143 23.8897

8 0 22.8558 78.765 24.0487

9 0 25.611 88.8889 25.7638

10 0 26.6221 90.2875 25.6458

11 0 27.7483 87.2736 26.4192

12 0 30.3219 90.1438 28.2461

13 0 30.6833 84.6659 27.8859

14 0 31.8776 87.1443 28.7255

15 0 33.6377 90.555 30.1265

16 0 33.9949 93.75 29.9216

17 0 36.4437 91.1782 30.4509

18 0 38.4988 94.4444 30.7374
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TABLE VI TABLE IX
DBSCAN INACCURACY VERSUS NUMBER OF CLUSTERS DBSCAN INACCURACY VERSUS NOISE MAGNITUDE
Number of Minimum | Average | Maximum Star}de}rd N01.se Minimum | Average | Maximum Star}dqrd
clusters deviation coefficient y, deviation
3 0 40.9907 90.6667 31.3026 0.1 0 35.9387 98.25 40.8621
4 0 45.1063 93.375 33.9527 0.2 0 38.8354 99.3784 41.1857
5 0 48.5407 97.1657 35.5419 0.3 0 48.5869 99.3396 40.2098
6 0 46.3278 97.75 38.1635 0.4 0 66.6652 99.7235 31.6883
7 0 50.1376 94.65 38.4128 0.5 0.03 81.019 99.7 16.6551
8 0 49.4607 97.075 40.1362
9 0 52.8605 98.5 40.0237 TABLE X
10 0 54.6229 99.405 40.1863 %
M 0 577633 98.6273 384918 ]?BSCAN INACCURACY VERSUS NOISE MAGNITUDE
12 0 38.9166 98 39.5244 N01.se Minimum | Average | Maximum Star}dz.ird
13 0 56.7122 | 98.2385 | 40.615 coefficient y, deviation
14 0 57.7996 98.8714 40.678 0.1 0 20.8147 94.4444 32.2438
15 0 59.4278 98.2533 40.5949 0.2 0 23.7643 94.2389 34.1033
16 0 61.2276 99.7 41.0152 0.3 0 30.0269 94.4444 35.6364
17 0 63.2754 99.7235 40.7469 0.4 0 41.7464 94.4444 36.7843
18 0 64.175 99.1083 39.6105 0.5 0.03 68.0472 94.4444 25.1915
TABLE VII Thus, Tables I-X confirm that the 1-tuned DBSCAN is more
DBSCAN* INACCURACY VERSUS NUMBER OF CLUSTERS accurate than DBSCAN®, i.e., it is more efficient to apply a
Numberof | . . . Standard tuned DBSCAN to multiple sub-datasets than tuning the
Minimum | Average | Maximum .. i
clusters deviation standard DBSCAN over the whole dataset with subsequent
i ?) ;ié‘;g; 66‘765667 ?giggi application. Besides, compared to the DBSCAN* approach,
5 0 27 8073 20 317332 datasets are clustered by the 1-tuned DBSCAN extremely fast.
6 0 271963 | 833333 | 32.7129 Therefore, Table XI shows that the ratio of DBSCAN* average
7 0 32.6474 | 857143 | 35.0519 runtime to 1-tuned DBSCAN average runtime increases from
8 0 32.2856 87.5 35.7743 14 to almost 65 as the cluster size increases. This ratio increases
Ed 0 357875 | 88.8889 | 37.0391 from 16.5 to 58.3 as the number of clusters increases
10 0 37.8782 90 36.191 (T bl XH) Th . distinet trend in thi ti th
T 0 395002 | 909091 | 373249 able - There is no distinct trend in this ratio versus the
12 0 204594 | 91.6667 | 38.7459 noise magnitude (Table XIII). The standard deviation value in
13 0 41.9702 | 92.3077 | 38.4366 Tables XI and XII distinctly grows as the cluster size increases
14 0 42.5297 | 92.8571 38.645 and the number of clusters increases.
15 0 44.3486 93.3333 39.3817
[T 0 arian | oaiirs | o195 TABLEXI
13 0 50,1439 04 4444 39,7384 RATIO OF DBSCAN* TO 1-TUNED DBSCAN RUNTIME

The percentage of missed points expectedly grows as the
noise magnitude increases. The 1-tuned DBSCAN averaged
inaccuracy increases from 16.3 % to 48.1 % (Table VIII), and
its standard deviation insignificantly varies between 22.1 and
26.4. The standard DBSCAN averaged inaccuracy increases
from 35.9 % to 81 % (Table IX), and its standard deviation
varies in a much wider range from about 16.7 up to 41.2. The
DBSCAN* averaged inaccuracy increases from 20.8 % to 68 %
(Table X), although its standard deviation varying from 25.2 up
to 36.8 has a wider range compared to the standard deviation in
Table VIII of the 1-tuned DBSCAN. The 1-tuned DBSCAN has
the lowest standard deviation whose range is the narrowest. The
widest range is at the standard deviation of the standard
DBSCAN.

TABLE VIII

1-TuNED DBSCAN INACCURACY VERSUS NOISE MAGNITUDE
Noise .. . Standard
coefficient 12 Minimum | Average | Maximum deviation
0.1 0 16.3215 80 22.0532

0.2 0 17.8131 83.0961 23.2671

0.3 0 22.7937 89.4556 25.2922

0.4 0 30.7512 93.75 26.3728

0.5 0.04 48.052 94.4444 23.3163

'VERSUS CLUSTER SIZE

Points in Standard
cluster, Minimum | Average | Maximum L
deviation
thousands
1 5.0365 14.1306 18.6867 1.9133
2 10.2991 16.7943 21.7279 2.2837
3 12.7777 19.4851 26.7843 3.2439
4 13.3271 22.001 46.2373 4.494
5 14.5227 25.0742 42.4828 5.5725
6 14.2891 28.5536 61.9834 7.6331
7 12.9579 31.5921 54.5336 8.8613
8 16.6587 40.9372 176.6998 37.4835
9 14.157 53.7414 186.6482 51.8181
10 15.3662 64.821 724.7633 74.8311

The averaged best value of the 1-tuned DBSCAN
neighbourhood radius is shown in Table XIV versus the noise
magnitude. The average of & ranges from 0.9677 to 1.6979
having a trend to decrease as the noise magnitude increases.
Overall, ¢" ranges from 0.41 to 3.06. The best value of the
DBSCAN* neighbourhood radius shown in Table XV versus
the noise magnitude ranges farther up to 3.46. The range of the
average of &" here is narrower — it ranges from 1.1693 to 1.4249
having the same trend to decrease. No trends for the standard
deviation in Tables XIV and XV are noticed.
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TABLE XIV
BEST VALUE OF 1-TUNED DBSCAN NEIGHBOURHOOD RADIUS
Noise . . Standard
coefficient 12 Minimum | Average | Maximum deviation
0.1 0.66 1.6979 291 0.3332
0.2 0.51 1.5412 241 0.3178
0.3 0.41 1.3386 2.36 0.3104
0.4 0.41 1.1376 291 0.3059
0.5 0.51 0.9677 3.06 0.3512
Overall 0.41 1.3366 3.06 0.4179
TABLE XV
BEST VALUE OF DBSCAN* NEIGHBOURHOOD RADIUS
Noise .. . Standard
cocfficient 12 Minimum | Average | Maximum deviation
0.1 0.41 1.4249 3.66 0.5698
0.2 0.41 1.3322 3.71 0.5186
0.3 0.41 1.2157 3.71 0.5068
0.4 0.41 1.1693 3.36 0.6529
0.5 0.51 1.3171 3.46 0.9062
Overall 0.41 1.2919 3.71 0.654

Number of Minimum | Average | Maximum Star}dgrd
clusters deviation
3 5.0365 16.5022 27.8287 3.1114
4 9.1092 17.7431 31.7187 3.448
5 10.0295 19.1869 38.8355 4.2098
6 9.8397 20.4585 35.688 5.026
7 10.4117 21.6811 43.5492 5.7892
8 10.9813 22.772 45.6321 6.1019
9 11.4521 24.1676 61.9834 6.9686
10 11.212 25.5865 56.5879 7.6422
11 12.3184 27.1494 109.839 10.018
12 11.0075 28.1425 48.7161 9.3782
13 13.2307 30.1024 56.9399 10.888
14 7.7181 41.1725 724.7633 55.9985
15 13.6071 49.6267 719.7899 | 63.6204
16 13.738 48.4227 189.2232 | 48.6839
17 13.9794 56.4355 190.9218 | 57.0504
18 14.7466 58.2593 1955119 | 58.6954
TABLE XIII
RATIO OF DBSCAN* TO 1-TUNED DBSCAN RUNTIME
'VERSUS NOISE MAGNITUDE
Noise . . Standard
coefficient v, Minimum | Average Maximum deviation
0.1 5.0365 32.8327 719.7899 | 40.1755
0.2 9.2544 314171 192.9775 | 31.6045
0.3 10.393 31.242 191.6876 31.425
0.4 8.8297 31.2208 192.2546 | 31.6505
0.5 7.7181 31.8527 724.7633 | 39.9081

The instance clustered the worst by the 1-tuned DBSCAN is
shown in Fig. 4, which resembles Fig. 2 by those tightly packed
serpentine clusters. Although the number of outliers is much

fewer (here p:ut =2.6229 ), nearly a half of the points are

assigned to non-existing clusters and more than a third are
confused:

Fig. 4. The serpentine dataset of 48 000 points within 12 clusters, 4000 points in each cluster, which is clustered by the 1-tuned DBSCAN with the worst inaccuracy.
Generated at the noise maximum, the dataset has a few regions with tightly packed clusters resulting in 90.1437 % of points are missed.
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Fig. 5. The serpentine dataset of 108 000 points within 12 clusters, 9000 points in each cluster, is clustered by the 1-tuned DBSCAN at an acceptable inaccuracy.
DBSCANF* fails to cluster the dataset properly — having no assignments to non-existing clusters, it misses 41.8 % of the dataset points.

p:th =50.8083 > pZonf =36.7125 > p:niss =90.1437 >

where £" = 0.61. DBSCAN* is even more inaccurate — having
no outliers and assignments to non-existing clusters, it confuses
91.6667 % of points at £” = 3.26. Nevertheless, even at the noise
maximum some instances are clustered at an acceptable
inaccuracy. Thus, Fig. 5 shows a dataset of 108 000 points
whose 12 clusters are determined sufficiently accurately at
e =0.71:

p.. =0.3065, p., =1.6602, p. . =4.1574, p.. =6.1241.

Despite having no assignments to non-existing clusters,
DBSCAN* is far more inaccurate:

P, =02352, p. =0, p.  =41.5648, p. . =418,

Similarly generated worst-case scenarios of the clustering
algorithm performance confirm the 1-tuned DBSCAN
supremacy, although fails like that in Fig. 4 are not excluded.

V. DISCUSSION

The series of computational simulations shows that the
DBSCAN algorithm is sped up for clustering time-serpentine
datasets by using the best neighbourhood radius and applying

the so-tuned DBSCAN to a set of sub-datasets. The factual
speedup registered (Tables XI-XIII) ranges from 5.0365 to
724.7633 having a trend to increase as the dataset size increases.
The DBSCAN algorithm updated in the way of dataset division
and preliminarily determining the best value of the
neighbourhood radius gains in accuracy as well.

As of this research, the 1-tuned DBSCAN application seems
to be limited to tightly packed time-serpentine datasets of large
size. Such datasets typically emerge in estimating computer
vision-based position for autonomous vehicles, adaptive traffic
pattern recognition, tracking applications, etc. [12], [28], [30],
[42]. Another limitation is that the minimum and maximum
values in the neighbourhood radius range depend on the dataset
scale, so they must be selected manually. The same relates to
the step by which the neighbourhood radius is incremented
while problem (2) is solved numerically [43], [44]. As this step
is set to a smaller value, the speedup will be lower, but the
accuracy gain will be higher. Step Ae = 0.1 is fairly rough for
the serpentine datasets generated by (9), (11), (8), (10), (12)—
(17) results. Setting Ae = 0.01 improves most of cluster results
of'the 80 000 instances, although the 1-tuned DBSCAN runtime
elongates (not by 10 times) because determining the best
neighbourhood radius is done over a 10-times denser subset of
the interval between €min and &max.
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VI. CONCLUSION

In order to partition a tightly packed time-serpentine dataset
of large size, the dataset is initially divided into a few sub-
datasets along the time axis, whereupon the best neighbourhood
radius is determined over the first sub-dataset and the standard
DBSCAN algorithm is run over all the sub-datasets by the best
neighbourhood radius. A reasonable trade-off for the
neighbourhood radius step and the DBSCAN speedup must be
found. The method of determining the best neighbourhood
radius, at which DBSCAN misses points of the first sub-dataset
the least, can be any numerical approach to finding the global
minimum of a tabulated function.

Although it is necessary to know ground truth cluster labels
of points within a region, the first sub-dataset is not necessary
to be the one. However, knowing ground truth cluster labels of
points at dataset boundaries is important to tune the
neighbourhood radius appropriately.

Specifically for tightly packed time-serpentine large datasets,
the suggested approach contributes to a faster DBSCAN
clustering in applied computer science. Its practical application
lies in more efficient performance of tracking objects on a two-
dimensional map whose traces highly correlate. Further
research must be built on studying possibility to tune the
neighbourhood radius for non-correlated clusters. Beyond this,
the case of three and more features should be studied.
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