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Predicting Crime Distribution Based on Transition Probability
Matrix Self-Learning Algorithm

WEI Xin-lei, YAN Jin-yao, SHI Tuo, ZHANG Yuan

(School of Information Engineering, Communication University of China, Beijing 100024, China)

Abstract: Aiming at the problem of low accuracy of crime distribution prediction and serious lack
of historical crime data, a crime distribution prediction algorithm, TWcS, was proposed based on
a transition probability matrix model, the historical crime data and integrating social
environmental factors in the studied area. In this paper, the social environment factors including
distance information, area information and population information were introduced as weights
into the gradient descent strategy, and the transition probability matrix self-learning of TWeS
algorithm was realized by gradient descent. The experimental results show that the performance
of TWeS algorithm is superior to other prediction algorithms including TPML-WMA, LR, AR,
Lasso regression algorithm, Bayesian algorithm, decision tree algorithm, etc. The MAE value of
TWeS algorithm is only 33% of the average MAE value of the other algorithms.
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WMA ( transition probability matrix learning and
weighted moving average) 8.1k ffi Ak iiAs. TPMIL-
WMA B3k S H i 0 S8 53 A ) 8  BE R B vk . 55
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14. a=1/(1+1/)

15. end for
16. end for
17. end for
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8 until B 2k 2145 1k &1
19 :repeat

20, fori=1,2m—1 do

21: for k=1,2--n do

22 for j=1,2+n do

23: al*=0. lai**+0. 3ai¥ +0. 6ai;
24 end for

25, end for

26, end for

27 ;until B 245 1R A1
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Tab. 1 An example of the value of 5 factors in a certain area

(2010~2016)
GDP/ ¥ Wt i

o w oo mes G MG SR

S ART  ARM  ARM
2010 0.243 171.1 280.2 130.17 8.530 6. 044
2011 0.187 174.5 291.8 155.91 10. 659 8. 384
2012 0.213 178.4 303.0  190.49 14. 155 13. 063
2013 0.181 181.8 327.1  214.40 16. 832 15.078
2014 0.193 185.3 336.4  238.04 19. 066 16. 866
2015 0.167 188.6 354.5  280.42 23.426 22.803
2016 0.162 193.2 365.8 327.22  31.683 43. 833

2.2 MIREEFEXLEE RN

Az v, BE B AR BE D, J6 ) 4R 18 # Bk
BN 1/18, HoAl PR 2 AR RN AR B Ah , AR IR
B4y R 10,50 Fl 100, £ 2 BoR, ML 10
Y, T E SRR T 10 SiE . X R, B 2w
URA 2 S g0 25 S HE 5 A AR, OF HLBE 5 AR 8K
RPN

2 EBEEMHEBRT,S3ER 10/50/100 R EH &R
xit bk
Tab. 2 The results of 10/50/100 iteration are compared with

fixed initial values

10 ikAL/ 50 iEAR/ 100 RikfL/

TBIXI SihrfE

1019 1012 102
1 0.012 —4.141 —2.10 —8.93
2 0.016 —4.141 —2.10 —8.93
3 0.006 —4.141 —2.10 —8.93
4 0.017 —4.141 —2.10 —8.93
5 0.192 —4.141 —2.10 —8.93
6 0.170 —4.141 —2.10 —8.93
7 0.020 —4.141 —2.10 —8.93
8 0.156 —4.141 —2.10 —8.93
9 0.012 —4.141 —2.10 —8.93
10 0.043 —4.141 —2.10 —8.93
11 0.052 —4.141 —2.10 —8.93
12 0.058 —4.141 —2.10 —8.93
13 0. 090 —4.141 —2.10 —8.93
14 0. 084 —4.141 —2.10 —8.93
15 0.016 —4.141 —2.10 —8.93
16 0.015 —4.141 —2.10 —8.93
17 0.018 70. 400 35.70 152. 00
18 0.014 —4.141 —2.10 —8.93

2.3 NMERHEENTHERNFID
PR TWeSUHIE D RS 23 17T AL

EREGARCHER T —HNEREI1/31/3 1/3,
0.10.30.6,0.60.30.1}.8%J5 LA E T4} 52 56 &5
RS, 2 3 Al AR F D L YO ik
FEALE RBCCRIACE RECH A (1/3,1/3,1/3) ) I, 5
aE R T — A A (FF X 8k 10) L BEANF7E
6 T 25 S bb HC At 7 b R B E A, AR R
i O {0.6,0.3,0. 1), W) B0 A 67 300 (17 B [X
10 A 15) . 1y HAXAT 4 350 F0 I 45 B4 7 A w5 4> &
Bk E . MR E R (0.1,0.3,0. 6B, F
7 A YR I b At P L A OF A R
EI. P AR SCT 2 A ) TWeS 3L FH i 2
B A {0.1,0.3,0.6).

x3 FAEANERHFEENTRLERNZM
Tab.3 The influence of different weight coefficient settings

on the experimental results

BEEN

{1/3,1/3,1/3}{0.1,0.3,0.6} {0.6,0.3,0.1}

TPBX I SEBRAE

1 0.012 0. 088 0. 089 0.101
2 0.016 0. 057 0. 059 0.036
3 0. 006 0. 095 0.072 0. 084
4 0.017 0. 064 0. 089 0. 056
5 0.192 0. 141 0.130 0. 149
6 0.170 0.182 0.130 0. 241
7 0.020 0. 077 0. 047 0. 064
8 0.156 0. 076 0. 090 0. 057
9 0.012 0. 049 0. 035 0. 040
10 0. 043 —0.003" 0.011 —0.011~
11 0. 052 0. 020 0.021 0.022
12 0.058 0. 027 0.013 0.027
13 0. 090 0. 015 0. 044 0. 001
14 0. 084 0.021 0.031 0.021
15 0.016 0.019 0. 020 —0.008"
16 0.015 0. 035 0. 050 0.078
17 0.018 0.016 0. 045 0.024
18 0.014 0.014 0.022 0.019

2.4 TWeS BEix5 TPML-WMA/Z& ¥ EI5/ 8 E 13
= 873: b0

AR S0 B AR SC T 4 A TWeS 583k 590 58 43
AT T 50 duK P R 2k AL vk HE AT MR RE X L A4S H R
AR 3L 8 g TPML-WMA (ig 2y TPML-WMA) |
MR GEN LROFRA A I GE 2 AR 5.
JIT AT BT b B 3k B FH A ) 79 s 4 > Tl 43
Bralae 2. AR T HALSE i TWeS ik 2z
AR F K X B Ak S R B R R AN &R
A EESY S S E AW i & &/ i 0
B2 feft P D3 sk 500 R T A0 T 2 IR I 1 )
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K1 R T8 TWeS 5 & i 54 5
TPML-WMA il 45 L ih£k. %3k TPML-WMA
BVETE 1.3,8 DL 10~ 17 X {4 94 I {4 15 7R BRARL, i
B TWeS Wi 25 42 i 1 3 S X sl Ay 000 1 g C R
OG5 S PR IS . a3 TWeS iizh
Mok A T 57k TPML-WMA 78 6,7,18 X R iy
A, T DA AR 4598 IR R A & AR R AL
5PN I BB A A OC & L B S N R AR A
WERAEXR. HE2Z BAO . LKFEHEZAHER
B R 456 1R U R 2%k, 2= A 58 20 TR R 50 ) —
AARLF B AR s g POAE SR 43 A1 B2 1) BIF 5% 1 X 28 35
kL 25 R R DR AL T — BT A7 k.

0.25
0.20
v 0.15

Boos \/\ ﬁMM
1—‘2\‘3/ 4567891011 121314]5]_6‘1-778
FTBX 3
B 1 TWeS Bk M &R i TPML-WMA 1% [t
Fig. 1 Comparison between algorithm TWecS and optimal
baseline algorithm TPML-WMA

A TWeS 555k LR #4714 e, 25 R aniEl 2
JiR. Bk LR W WA 5 92 B (A AR 22 EL s, 1 4n
FE 5,10,11,13 A 14 X, 85 3% LR (4 T 8 L #R Ak &
AN CRISEI A 5 52 B L 7 80 6 R B R ). ek 3
1o BT RGO ME & 30, 551 LR I il 42 0k sh Ak # K
BIAnAE 5 DXk B 45 & 09 5L 7E 10 X Gk 3 HE # AR
P14 A58 5 T AFDGT 1, A SCRT 4 8 1 330k TWeS PRRE B i
P F R LR, H ™ A 0 BUAE 5 58 BRyE 8l 5 a4

— HYYH — TPML-WMA — TWcS

(=]

-0.05

0.6
82 — HJE
- — LR
E% 03 A TWeS
il
2 0'(1) —_ \// N
W23 45678 810M112131415161718
-02
-0.3

TTBUX
Kl 2 TWeS &M LR 5L
Fig. 2 Comparison between algorithm TWeS and LR

Bk TWeS 58 % AR WXt b 45 R an &l 3 fr
. 5B 2 g LR M, B AR (11 fE
U o T 7 AR 1 TRLDU A B W AR G 0L 5 SE PR AR 9140
ik ARTE 5,10,11,13 Al 14 X R T HIE
LR.WZE 1 X9 XAl 12 KA R AE R LR, 1
58 AR M A SO th i % TWeS 7 1,5,
6,8,13 il 16 X LI 4. ML THIE TWeS, &
% AR 9 A T H RIS T A m 8 4 - A

MR AR TR ] 41 VE e 5 Aol e S A 5 15 1
T A RE B R B PERE L A5 0] 40 R B AN A A
BB I ]S A B I B 0E AR A 9 fl A K R
BEARR . R T30 AR B35 L.

0.25
0.20

% 0.15
0,10
=0.
0.05 ,J\

Ol 23456789101112131415161718
FTBUX I

B 3 TWcSH M AR 1% L
Fig. 3 Comparison between algorithm TWeS and AR

2.5 TWceS Eik5 Lasso @3/ MM/ REHE %

B % bk

ARSI A B TWeS B B K & 51 A F|
2L =S TR e S B I 28 1 N <7 (T
AE o A< S 90K FE 25 D 2R W AR Rl A 3] Lasso [l %
DLt $0r B30 3k AR e SRR B3 v R TN AU 3R 4 A L R R
SR TWeS BEATXE L. B 4 R T9hE S
Lasso [A]JA 553 | DUk S 5300 | e S B 330k R0 AR SC i
PR AR TWeS B HE Z ] /9 22 5. I AT
PLE Y« DU S0 B8 7 i A %) b i b R B 25
FEAE 1 X2 X8 XAl 10 X5 A 6 X% 10 X,
Lasso [al 9583k | DL i 307 550 30 70 e 5 380 2 o B K
e Bl T TWeS 783X 26 M X E 50 X iR
A LB E B R8O A T A B R BLBR T b
b 53k T AR 55 1 M R

0.40
0.35 — B H — Lasso — DU

o A

# 0.20
20.15} =
0.10
0.05 \

\ -
Ol 23456789101112131415161718
ITBLIX 3

— A=Y —AR TWcS

4 TWeS Bk Lasso [l 5 33k | DU 307 330 9% DA Bt
SRR B 1 Y X L

Fig. 4 Comparison between algorithm TWcS and Lasso

regression algorithm, bias algorithm and decision

tree algorithm

2.6 ZEITEMARAE MAE T bE & &k a1 a8

A IR T A SCHT IR MY £ B AR VE AN b 1
MAE TS84 8. Wi g W, 535 TPML-WMA
L TWeS S a9 40 58 28 G ¥ 32508 1, 1 59k
LR A7 AR R 2 BB R B 1. 000 (4351 K
1.109 A1 0. 885). X KB, Hik LR FI5EE AR fr ™
A RN A5 RN A TR, BT Lasso [BH % 1L
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I J0r B0 AR R SRR B 0 B 1 14 A IX B AR R
T UATCIETH A ER AR AR A A, LR Al A v
MAE & A SCH $2 1 B 383k TWeS 535 AR, Lasso
[ DR 3 T B SRR B0k A T AL SR b Bk
TWeS FIF L AR BRBURRAFH9. 505 AR L2
TR TWeS. SR K 5L AR B A9 AL 98 5 2 i
TS T 29 1206, BT L0 45 RAB AR AT {5, 286
SUM Fil MAE 45 5, 5 3% TWeS B H At 53 3% M fig

Bl MAE {H2 HAh 37k MAE “F(H Y 3300,
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Tab. 4 Performance comparison between algorithm TWcS
and other algorithms
B TWceS TPML- Lasso  Dblnf
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BE k%) wma o CORH
SUM 1. 001 0.999 1.109 0.885
MAE 0.010 0.038 0.050 0.009 0.015 0.059 0.011
LY/
3 & it

A SCHE R P AR BN B A AR B S
ANFERME AR B o7 ) 3R T —Fh B A8 AR oy
A TN 12 (TWeS). 22410 be S50 1 45 2R IEH] , il
R T AN H AR S R R TWeS
S RES A B AR AU AR 20 Al I 1K B B R A0 T
B2, REAE AT 2500 3R B A R 48 A BT A A BB R Y A0

S Xk

[1] Helbich M, Arsanjani J J. Spatial eigenvector filtering for
spatio temporal crime mapping and spatial crime analysis
[J]. Cartography &. Geographic Information Science,
2015,42(2) :134 - 148.

[2] Leong K,Sung A. A review of spatio-temporal pattern
analysis approaches on crime analysis[ J]. International e-
Journal of Criminal Sciences,2015,9:1 - 33.

[3] Almanie T, Mirza R, Lor E. Crime prediction based on
crime types and using spatial and temporal criminal
hotspots[ J ]. Computer Science,2015,5:1 —19.

[4] Vlek C,Prakken H,Renooij S,et al. Modeling crime sce-
narios in a Bayesian network[ C] // Fourteenth Interna-
tional Conference on Artificial Intelligence & Law. New
York: ACM Press,2013:150 - 159.

[5] Liao R,Wang X,Li L,et al. A novel serial crime predic-
tion model based on Bayesian learning theory[ C]// Inter-

national Conference on Machine Learning & Cybernetics

(ICMLCO). Piscataway,NJ:IEEE,2010.:1757 - 1762.

[6] Wei X,Yan J,Chen Z,et al. Analysis of crime rate distri-
bution based on TPML-WMA[ C] // International Con-
ference on Cyber-Enabled Distributed Computing and
Knowledge Discovery. [S. 1. J:IEEE,2017:157 — 160.

[7] Nath S. Crime pattern detection using data mining[C]//
IEEE/WIC/ACM International Conference on Web In-
telligence & Intelligent Agent Technology Workshops.
Piscataway, NJ . IEEE, 2007 :41 - 44.

[8] Malleson N, Birkin M. Analysis of crime patterns
through the integration of an agent-based model and a
population microsimulation[ J ]. Computers Environment
&. Urban Systems,2012,36(6) :551 — 561.

[97 Yu C H,Ward M W, Morabito M, et al. Crime forecas-
ting using data mining techniques[ CJ // IEEE Interna-
tional Conference on Data Mining Workshops. Piscat-
away,NJ.IEEE,2012.779 - 786.

[10] Chen P, Yuan H, Shu X. Forecasting crime using the
ARIMA model[ C] // Fifth International Conference on
Fuzzy Systems and Knowledge Discovery. FSKD Pisca-
taway, NJ . IEEE,2008.:627 — 630.

[11] Noor N M M, Retnowardhani A, Abd M L,et al. Crime
forecasting using ARIMA model and fuzzy alpha-cut
[J]. Journal of Applied Sciences, 2013, 13 (1) 167 —
172.

[12] Zhang ] L,Wang X Y,Ma L Y.et al. Traffic flow state
identification method based on dynamic Bayesian net-
work[ J]. Transactions of Beijing Institute of Technolo-
gy,2014,1:45 - 49,

[13] Ratcliffe J. The hotspot matrix: a framework for the
spatio-temporal targeting of crime reduction[ ] ]. Police
Practice & Research,2004,5(1):5 - 23.

[14] Chainey S, Ratcliffe J. GIS and crime mapping[ M J.
London: Wiley,2013.

[15] Brantingham P J,Brantingham P L. Crime pattern theo-
ry[ M]. Cullompton Brantingham: Willan Publishing,
2008:78 = 93.

[16] Brunsdon C, Fotheringham A S, Charlton M E. Geo-
graphically weighted regression:a method for exploring
spatial nonstationarity [ J ]. Geographical Analysis,
1996,28(4) :281 - 298.

[17] Bogomolov A, Lepri B, Staiano J, et al. Once upon a
crime; towards crime prediction from demographics and
mobile data[ C]// Proceedings of the 16th International
Conference on Multimodal Interaction. Now York:
ACM Press,2014:427 — 434.

LT TR ES



