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Abstract: The detection of crime hot spots has become increasingly prominent in the

conversion from reactive to active policing. There exist many crime analysis methods with

good results. This paper focuses on scale effects in analysis. We proposed two multi-scale

methods to detect temporal and spatial hotspots for vehicle thefts in a district, whose

results were used for policing references. These two methods and their results are stated

as follows: � a scaling method is proposed and combined with a rigid process to aggregate

temporal data. Through this combination, temporal hotspots can be detected when data

are not sufficient under mono-scale. Results showed that daily hot spots (30 days) and

hourly hot spots (20 hours) of vehicle thefts are significant at the study site, on which the
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rearrangement of shift intervals can be based; � on the basis of daily hot spots, we set a

median case density of a convex hull as the evaluation function when applying DBSCAN.

The optimal scale, verified by the popular Prediction Accuracy Index, was adaptively

chosen. We found that several metro line stations and residence zones need key protection.

Keywords: multi-scale; crime analysis; wavelet analysis; DBSCAN; convex hull
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Fig. 1 Study site data
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���mêâ, |^�Å©Û¼����m9:(� 2.1!); U? DBSCAN �{, òÙºÝ

CþõºÝz, ±±�äkýÿUå����m9:(� 2.2!).

2.1 ºÝ{�ëY�ÅC�
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¿, Ö¿��ºÝ�êâþ; � ­E � Ú, ±î�{y©�mêâ, ±�ÅJ���ºÝ�

9:±Ï. ù)û
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Fig. 2 Technical flowchart

éuëY&Ò�ëY�ÅC�½ÂXª(1)Ú(2)¤«[17-18], Ù¥, x(t)L«ëY&Ò,

CX(a, b)��ÅXê, ψ(t)��Å¼ê, a � b ©O�L
ºÝ��m £þ. �©¦^��

Å¼ê�Morlet ¼ê, Ù½ÂXª(3)¤«. ª(3)¥� ω0�~ê, � ω0 > 5 �, Morlet �Å

Cqu��É�^�, �Ù���ê����êÑª�u 0.
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−∞

x(t)ψa,b(t)dt, (1)

ψa,b(t) = |a|−
1

2ψ
( t− b

a

)

, a, b ∈ R, a 6= 0, (2)

ψ(t) = π−
1

4 ei,ω0te−
t
2

2 . (3)

3dÄ:þI�O��ÅõÇÌ±¼��m9:, Ù�½Â��ÅXê��, 
�ÅX

ê��¦{aquFp�C�, Xª(4)¤«. Ù¥ CX(a, b) =��ÅXê, * �LÙ�ÝE

ê.

WX(a, b) = CX(a, b)C∗

X(a, b) = |CX(a, b)|2. (4)

2.2 õºÝ MDBSCAN àa

DBSCAN[19]Ø%´¦�m¥�½ål (Eps) ��S�:é�ê8�����½ê

8(MinPt)�¤ké�, ¤���Õá�©a; ±à��9Ï±�9:«�. òà�©Ûi

\ DBSCANàa, �éã�a��JÑ�«U?� DBSCANàa�{ (Modified DBSCAN,

MDBSCAN), 3^r�½ MinPt �g·A(½�`àaºÝ (Eps).

MDBSCAN {�Ì�Ú½: � �â�½MinPt¦^ØÓºÝàa¿éz�ºÝe�z

aüÕ±�à�; � ©ºÝH{¤kà�Y��Ý, ¿é�ºÝ��ÝS��¥�(MDCH),

e�k��à�, K�ïTºÝ, ?\e�gO�; � �� MDCH �éAºÝ��`ºÝ.

O��{Xª(5)¤«, Ù¥, EpsL«ºÝ, n�TºÝe�à�oê, CCH�à�SY�ê,
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SCH�à�¡È, Med�¥�¼ê. ùp¦^¥�
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MDCH = Med
(CCHi

(Eps)

SCHi
(Eps)

)

(i = 1, 2, · · · , n). (5)

�âcã, �`ºÝàa(Jl9:&ÿ�Ýw, A�ä��Ð�9:ýÿO(Ç. 8

c, PAI �2�æB�9:ýÿ°Ý�I[8,20], ¤±�©± PAI �yg·AÀJ�`ºÝ�

�J. PAI düÜ©|¤, äNúªXª(6)¤«, Ù¥ HHR�ÿOY�ê�oY�ê�',

AP�ýÿ¡È�ïÄ«¡È�'. 3 MDBSCAN �{¥, i� Eps ºÝS�, m�ºÝ�

ê; ni Ú ai ©O�TºÝe±�c±Ïýÿe�±Ï�ÿOY�êÚ9:«�¡È; N �

e�±Ï�oY�ê, A�ïÄ«¡È.

PAI =
HHR

AP
=
ni/N

ai/A
(i = 1, 2, · · · ,m). (6)

3 (J�?Ø

3.1 �m9:©Û

Ü�“n�”a��Y���mêâl 1 �P¹� 10 �, òÙ�n�ü�ºÝ: FºÝ

Ú��ºÝ, ¿�J�ü«ØÓºÝe�±Ï.

Äk·�ò�©êâ�n�FºÝêâ, �ÅõÇ��, �A�mm�Ñy�ªÇ�

p. ÏL 0.05 wÍÝ(oç�SÜ)�Ü�“n�”Y��ÅõÇÌp�Xã 3(a)¤«. 8 d ±

ew«�±Ï�U´du�ÅÏ����, ���e 30 d ±Ï� 65 d ±Ïk�p�ÅÌU

þ. d?±Ï�²w���^��m9:&��±Ï. e¡±¦����mºÝ�~, `²

XÛ±ºÝ{�n�mêâ, ¼���ºÝ�±Ï&E.

�©©Û��ºÝ9:�, duz�(30 d���±Ï)Y�u)ªÇä�±Ï5, �


�±òz��Y�êUì�Ó�FÏ��?1gêÚO, ��z���Y�êþ, l
¦�

U/�Öü�E¤���, �¦±Ï�äÊH¿Â. Xã 3(b)��ÅõÇÌ¤«, 16∼24 Ì

ãUþ�p, `²��ºÝ�±Ï� 20 h �m.

ã 3 �Å©Û¤�ü�ºÝe��m9:

Fig. 3 Temporal hotspots under two scales as detected by wavelet analysis

Ü�“n�”Y�3FºÝ� 30 d 9:���ºÝ� 20 h 9:�±éN´/n)�Ü
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�“n�”¯�u)�±Ï. 20 h ºÝ, ��´Ö¢Öó�­:'5. �©&��m9:�, �

Ä�± 20 h ±ÏO�, ÙÑ��õ, ¤±± 30 d�±Ï&��m9:.

3.2 �m9:©Û

3.2.1 MDBSCANàaÏé�`ºÝe��m9:

�â 2.2!JÑ� MDBSCAN, �~¥MinPt=10 ´kûÐàaCz�«m, yÏLS

�{O���ºÝe� MDCH, ùp�Å]À 4 ��~, ±ª(5)O��(JXL 1 ¤«, ã4

��ºÝe� DBSCANàa�à�©Û�(J.(ÜãL��, � Eps � 0.21 km Ú 0.95

km �à�(aO)�ê� 1. cö¤±à�L�, K¤�«��4�9:, �kd��Øä�

��¿Â. 
�ö¤±à�L�, �Uòà�SÜ�àa:�ª��þ!©Ù½�Å©Ù?

n, ¤±Ù(JØä�ë�d�. dd�Ñ�Øà��ê� 1 �(Ø, ¤± Eps � 0.32 km �

��`ºÝ.

LLL 1 ààà���SSSYYY������ÝÝÝ¥¥¥���

Tab. 1 Median case density in convex hull
Eps/km 0.21 0.32 0.42 0.53 0.63 0.74 0.84 0.95

Y��Ý¥�/(å·km2) 152.45 81.70 32.14 18.41 17.92 16.56 11.31 12.00

3.2.2 PAI �y

�âª(6)´�, PAI �ê�p, ýÿ�O(Ç�p. Ó± 4 �ýÿ 5 ��~. L 2 w« 4 �

ýÿ 5 �� PAI �O��L, ��, ��Øà��ê� 1 éA� Eps�, Eps=0.32 km �� PAI

��(�p(2.69).

ã 5(a—c)Ð«
 4 �ýÿ 5 �!6 �ýÿ 7 �!9 �ýÿ 10 ��n�~f, `²± MDCH

Ú PAI ]À�` Eps �(J��5; 2�âL 1 �L 2 � MDCH!PAI �y, �� MDCH �

PAI ��Czª³�Ó. dd��, ¦^ MDBSCAN À���` Eps �àa(Jä�`D�9

:�ãýÿUå. Ø
 4 �	, ·��± MDBSCAN �{ýÿ
Ù{ 8 ���Y�, �ª(J

XL 3 ¤«.

LLL 2 OOO��� 4 ���ýýýÿÿÿ 5 ��� PAI ���

Tab. 2 PAI based on April to May
Eps/km à�SÒ 5 �ÿOY�ê/å 5 �¢SY�ê/å 4 �à�¡È/km2 ïÄ«o¡È/km2 PAI

0.21 1 3 272 0.07 36.76 5.62

0.32

1 36

272

1.93

36.76 2.69

2 8 0.26
3 3 0.13
4 4 0.14
5 0 0.11

0.42

1 8

272

0.05

36.76 2.16

2 27 1.46
3 99 7.64
4 8 0.81
5 14 0.52

0.53
1 172

272
13.38

36.76 1.81
2 31 1.81

0.63
1 176

272
14.27

36.76 1.73
2 35 2.25

0.74
1 178

272
15.09

36.76 1.64
2 37 2.58

0.84
1 9

272
14.27

36.76 1.27
2 234 2.25

0.95 1 250 272 26.66 36.76 1.27
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ã 4 4 �Y�ØÓºÝ DBSCANàa�à�©Û(J

Fig. 4 DBSCAN clustering and the convex hull analysis under different spatial scales in April
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ã 5 MDCH � PAI ���Czª³

Fig. 5 Consistency in trends of MDCH and PAI

LLL 3 2015 ccc 2—10 ������`̀̀ºººÝÝÝeee��� PAI (((JJJ

Tab. 3 PAI from February to October with the optimal scale in 2015
�° 2 3 4 5 6 7 8 9 10

�`Eps/km 0.63 0.53 0.42 0.32 0.53 0.32 0.42 0.53 0.32

¦^ MDCH ��µ�¼ê, g·AÀJ�`àaºÝ�k�5®� PAI �y. Ùk��

�Ï3u: � �âª(5)�(6)�±uy, MDCH � PAI Ñ±©fïþ9:ýÿ�°OÝ, 
±©

1(¡È)��¨v�, üö�Ø±ïþ9:�O(Ç. ¤± MDCH � PAI ¢Sïþ�´�q�

�I; � MDCH � PAI ���«O3u, cö3Ó�±ÏSïþO(Ç, �ö±e�±Ïïþ

þ�±ÏO(Ç. ïÄ®y²[20-21], ã�a���3�C­E���y�, ¤±± 3.1 �m9:

�(J��ýÿ�±Ï�±fz�mÏ�, ¦ MDCH k�O� PAI. ù«O�ò3àa�Ó�

ÀJ�`ºÝ±���9:ýÿã, {zL§�Ó�(�
O(Ç.

3.2.3 9:«��ã

�âz�9:ýÿã��e�´u)Ü�Y���m��. �©¦^ 2015 c 10 ���

�` Eps àa(J(�`ºÝ DBSCANàaã), (ÜY�êþ��©Ù5±���9:ýÿ

ã(�ã 6), ø´Öë�¦^. äN9:«��ïÄ«Ü�Ü� A /cÕ±>, ±9À�Ün¬

«�, B/cÕ, C /cÕ, 9 D ±>. þã«��Y�u)��ª�
�8�/�, �=, §�

l�m�Ýw, ´ 2015 c 10 ��pªê�p�/«, l�m�Ýw, ´ MDBSCANàa�Ý

�p�/«. /cÕÏÏ�<6þ�, 5 /cÕ�Ø4/��Ï�ªÌ��g1�, �k�

þ“n�”Ê�. 
 D ±>k�õØ4«, Ød�	, �ko¤p�3d±�, û��8!�Æ)

�o¿£���õ�Ï�nÜ/¤Y�9:«�.
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ã 6 ïÄ«�Ü�Y�9:©Ùýÿã

Fig. 6 Predicted spatial hotspots of vehicle thefts at the study site

4 ( Ø

�©�é±Ü�“n�”�~���Y�?19:©Û�ýÿ, Ì�SN��{�): � J

ÑºÝ{�Ü�mêâ, ¿±d{J��m9:±Ï; � ò DBSCAN �ºÝCþõºÝz, �

O�é58I¼êU? DBSCAN �{, üÕ½U�¦^�&��`�m9:.

(JL²: � ºÝ{�î�{�(Ü, �±3êâþØv��¹e&ÿ���±Ï, �Ö


î�{�"�. � �â&ÿ���m9:(±Ï), ± MDBSCAN �{±��9:«�, U


�)y©LM¯K, �± MDCH�µ�¼ê��±ò�m9:&ÿ�ýÿµ�Ó�?1, Jp

�Ç, �±O(Ç. � ºÝ{�Üêâ��Å©Û��, ïÄ«S�Ü�“n�”Y�äk�²w

� 30 d ±ÏÚ4²w� 20 h ±Ï. ù�(Ø�U�´Öó�<
�Ó�k �m�k', A�

Úå´Öó�ö5¿. � MDBSCAN ¼��±Ï�`�m9:ã¿U�©Û�, uy�O/c

Õ�Ø4«áupu«, A3�Ï�¢S´Ö1Ä¥­:ý�. �©òõºÝ©Û©OA^u�

m��m9:&�, �5�I?�ÚïÄòÙ^u��(Ü�©Û�{¥.
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