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Abstract: Objective:Crime forecasting can predict the probability and trend of criminal
activities in a region, optimize the allocation of law enforcement resources, reduce crime rates
and improve social security. Because of the changing laws of spatial similarity, periodicity
and spatial heterogeneity of crime events, existing crime prediction methods give less
consideration to the characteristics of spatial similarity in crime regions and have strong
limitations in facing the problem of long—term spatial and temporal dependence on spatial and
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temporal data, resulting in limited prediction effects. Methods: The model is divided into two
parts: spatial similarity feature capture and prediction, which are composed of a regional
spatial similarity feature capture network and a feature fusion coding-based crime prediction
network, respectively. The model utilizes the spatial channel attention mechanism and designs a
spatial channel attention multi—graph convolutional network based on a multi—graph convolutional
network to achieve spatial similarity feature capture. On this basis, the crime event information
is represented by embeddable linear sequences, and then the captured spatial similarity features
of the crime region are fused to establish a spatio temporal crime feature representation coding;
in order to enhance the long spatio temporal dependence of the prediction model, a Transformer
prediction network based on the multi-head spatio temporal attention mechanism is designed. To
validate the effectiveness of the proposed model, the paper conducts experiments with crime
event data from different periods in Chicago and Los Angeles areas and compares it with STGCN,
ST-ResNet and ConvLSTM methods. Results: The experimental results show that the proposed model
not only outperforms other models on large scales but also exhibits stronger accuracy and
stability on small scales in different regions. Conclutions: The methodology improves the
accuracy of crime prediction

Key Words: Crime prediction; Correlation characteristics; Transformer; Attention mechanism
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2 SCA-MGCN P&
Fig.2 SCA-MGCN Network
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4 STC-Transformer P&
Fig. 4 STC-Transformer Network
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Fig.5 Spatio Temporal Feature Embedding and Multiple Spatio Temporal Attention (in Multiple
Spatio Temporal Attention, for illustrative purposes, pink is used to denote query blocks
orange to denote chunks of the same space at the same time with which the query block computes
its attention, red to denote chunks of the same space at a different time with which the query
block computes its attention, and colorless to denote that it does not need to be computed
with the query block)
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Ag = exp (_ [cos_stmllar(Z‘;Lémel,(:nme])] )
QD

HorbCrime 2 XU PIR IR FAF I B, O T I AR B BB (1) 2 50

O X I fE B H . A X3k EIDist = (V,Ep, Ap), F T 4mhd X 38k 2 1] 1 2 [a] AHALL
I FH i A2 IOA R R a8 SO G A R . 8 LN

ij_ [Dist(i,)]2
Ap = exp (_ 202 )

(22)
HrpDist (i, j) A& XA 2 18] 1) SRR S, Op i 42 il QPR R L7 1) 2 8L

2.1.4 WNIEHR

JEHE I AT AL A 2> S ) #, B T JUSRE DA SR A — SR sk . Y A SR K VR4 A
HIkSHaZ (Precision, P) . Z[EZ (Recall, R) fI F1 &, F1 EABUETEER 0 8 1, HAE
R R SR M R T . AR T

TP
~ TP+FN
(23)
TP
~ TP+FP
(24)
Fl = 2XPXR
P+R
(25)

TP (True Positive) . FP (False Positive) . FN (False Negative) 437l /NE L.
fRIEH] =M.

X+ 2 RAUIREAF R ST, PRk PLE ORI A B B e R, SEIRIERE Micro-
F1 Al Macro—F1 PASs/b it -2 59 1) it B 2 53 KT 2= A xR bR s k. AR

Npq.
Macro — F1 = 2i "4
N
(26)
p. o _ IR
micro — Z{\I TPi+Z%\I FP;
(27)
R =_ ZTP
micro = yNTP+IN FN;
(28)
Micro — F1 = 2XPmicroXRmicro
Pmicro+Rlmicro
(29

Hrp iR B TR F A /0280, NRRILIEF A=
2.2 EWHER5HH
SEOG DA N 9 /N A] S A JC SR 2 R HEI A SRk 3 NI a] S 7 3, 6 2 EF T A
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Fig. 9 Comparison of 16¥16 Grid Prediction Results with Actual Data
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Fig. 10 Comparison of 24*%24 Grid Prediction Results with Actual Data
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Bl 11 43 50T 22 0B T3 A AZ LT PR P IO s R /S ) T 5 SR P AT 1 58 9 BRI ] AR
PRAbEE, ARAEHE T DL E S H, it BN R E A FL EE0E AR E 41 FL 1H,
STCPM FRIJE IR S I 2 TS AL 40 T- 55 T STGCN.  ST-ResNet A1 ConvLSTM FIFRIMIAR T
STCPM AMNAE R b R IR T I AR I HAE /N OB 13RI H 58 56 PR o i 1 A AR 12k
i STGCN MARUAE Jb R EME, MR 3 MK 4 TR, BTRIT. %K oiBaR 35
EECR, BVARAE OB R AR XS AR 2, %P AR SR S BER TR] B SRR AR AR N T 28
TR E RN, BIFEC STCON X iZ P AP AU 5 A Pl s R e ey, T R 400 35 A 22 e JU FE A
FERHE 2, H T STGON A FH B 45 WIS — 4 23 (R B0 e SV i — 4R 508, ) 23 () SR A PR 1
WA 2, SRR e B AN % STCPM B8 . ConvLSTM H 114 FH CNN HA & &8 JR PR
P, T g S A, AN R I [A) B P 25 S 22 R AR /N ST-ResNet WA 1R 4F M 1 B0 5
RS T SR AR, TIOI 45 SRR 7 B

TEZINE AR KR E B T, STCPM AHER T HABBLTY 1 Micro-F1 Al Macro-F1 1 &% &
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3SR T 15, 6% 16. 9%. B STCPM A 75 A0 8 Tl _b- AH b JFE s = bS5 250 Fol iy & S 5 vfe
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Tab.3 16*%16 Grid Prediction Results

o X 35 T 42 F IR W7 Z N g1 Micro-F1  Macro-F1
STGCN 0. 681 0. 823 0. 458 0. 857 0. 742 0.705
ST-ResNet 0.611 0. 788 0.525 0.774 0. 690 0.675
Z I
ConvLSTM 0. 602 0. 754 0. 489 0.816 0. 688 0. 665
STCPM 0. 790 0. 866 0. 580 0. 893 0.799 0.782
STGCN 0. 057 0. 682 0. 627 0. 848 0. 687 0. 553
ST-ResNet 0. 028 0. 409 0. 344 0.579 0. 451 0. 362
KA
ConvLSTM 0. 263 0. 799 0. 731 0.922 0. 782 0.679
STCPM 0. 300 0.817 0.732 0. 946 0. 800 0.699
Tz 4 24%24 AETUMEE
Tab. 4 24*%24 Grid Prediction Results
HdE X 35k T A2 F T4 BT Phin %5 Micro-F1  Macro—F1
STGCN 0.216 0. 549 0.118 0.611 0. 430 0.374
ST-ResNet 0. 335 0. 454 0. 323 0. 527 0. 432 0.410
Z st
ConvLSTM 0. 338 0.571 0. 143 0.673 0. 498 0.431
STCPM 0. 507 0.723 0. 360 0. 791 0. 659 0.595
STGCN 0. 028 0. 489 0. 387 0. 626 0. 486 0.375
ST-ResNet 0.035 0. 245 0. 222 0.492 0. 354 0. 248
IEAZTL
ConvLSTM 0.122 0. 448 0. 453 0.775 0. 565 0. 449
STCPM 0. 165 0. 580 0. 500 0. 853 0. 653 0.525
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Fig.11 Crime Prediction Accuracy Statistics
(3) B AR FEXS LA #ir
W FLOPs. Params. HEAYPII84T I ] 2 GPU A AFIEAE DY AN e bsoxf EEARARY 2 [A] 52
4% . Hit FLOPs FoRtiBI S 28, Params RSB E, BAFYETN W ER
BRI [A] A% P, GPU N AFIAE R R B A (A A B o SIEB X 5 B 25 FR A R AT 1 |0 L P
W, R 5 P H, Fra BB L 24524 A EARIZ AT, GPU N AFIEAE 2 AE 1) B> NVIDIA
RTX 3080TT GPU _ELL 8 ANt K/, FLOPs #f7 G /A% billion, Params #fii M {8
Million, “FE¥JizfThial8AL s AL seconds, GPU NIFIE(H MB L& Megabytes. NHEEILIE
TRIMAERGEE, STCPM 51 AR X [ AR AUV RF ARV E o N, TAHRIS 0 S FLOPs % Params,
HET S EON T332 4TI [H] J2 GPU N AEUEE 3G N, MR 5 mI 1, STCPM [1)-F35038 17 i [ AR A
STGCN. ST-ResNet My, HHEL ConvLSTM fR{K, GPU N fFUSAEAHE F AR Y Y (i sy, (HL G
FLOPs. Params. ~F-YJIiz{THf[A). GPU W AFUEAE G NS & T 1R W HEmE, B & WU8UE £ H
VO Z A .
#*5 ERBTHERSYEEE TN

Tab.5 Quantitative Evaluation of the Computational and Parametric Quantities of Each Model

SFRIEZATHS GPU N AFUE

i N FLOPs (G) Params (M)

5] (s) {H (MB)

STGCN 0. 3533 0.0901 3.761 219. 685

ST-ResNet JUARGAF I B4 24%24 5. 0961 0. 7364 5. 992 104. 242

ConvLSTM 10. 0340 0.0976 22.148 253. 160
TR R 24%24

STCPM X33 POT ThREAH AR : 22. 0490 1. 8963 13.715 455. 998

576x576
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2.2. 2 HRASCIE

JEGAIE SCA-MGCN Xof 2% [A] AHALL YA 4 AiE 1) R 5 4 FH DA R 0 S SR s 2 R AU A S 5 Tl A5 28 v
FIER, Bt TiEmhsELs: OST-TransA: (I ANJBFRFHHSE S L STC-Transformer; @
ST-TransB: B # fil & 48 98 55 £F i 2545 B FJE 8 X 480 2% 18] AH 0LV 45 £E JF 5 N 2 STC-
Transformer, TM/AEH SCA-MGCN, XJEb STCPM 347 T, MR ME 6 o, B 12 £
Kl B RIERRZ0EE ISASHLIE s I8 A0 S8 O HERR FE Se it .

TR EE AT LR H, 2 AR AE BTN NSR T T BUNAEE, SCA-MGCN A 23 T+ T 4l
LA A AP E R AR IR BE /7, PR NSE &8 STCPM JEA Fab T E i, EIHEIFILEE S8R,
16 2 BB 4 STCPM AH#E T ST-TransA, Micro-F1 filMacro—F1 28 I35 17 17. 5%F0 20. 9%,
T ST-TransB, Micro—F1 fil Macro-F1 4> W42 T 21. 6% 24. 5%, fEIRIZHIEIREEH,
STCPM AH#¢ T ST-TransA, Micro-F1 Al Macro-F1 23 A& T 9. 0% 11. 0%, #H%% T ST-TransB,
Micro—F1 fl Macro-F1 235485 7 12. 4%F0 15. 6%,

6 HRASIIRLER
Tab. 6 Results of ablation experiments

Bl X BRAAR HdERE eEh) Zii j532) Micro-F1 ~ Macro-F1
ST-TransA 0. 389 0. 640 0. 222 0.715 0.561 0. 492
Z I ST-TransB 0.371 0.631 0. 207 0.704 0. 542 0.478
STCPM 0. 507 0.723 0. 360 0.791 0. 659 0.595
ST-TransA 0.135 0. 496 0. 467 0.793 0. 599 0.473
HAZHL ST-TransB 0.113 0. 484 0.438 0. 781 0.581 0. 454
STCPM 0. 165 0. 580 0. 500 0.853 0.653 0.525
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Fig.12 Ablation experiment crime prediction accuracy statistics
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