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Prediction of terrorist attack events time based on LSTM model
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Abstract: In view of frequent occurrence of terrorist attacks in some areas, this paper proposes a time pre-
diction method for terrorist attack events based on long short-term memory (LSTM) neural network models.
Firstly, it proposes an evolution model of terrorist attack events, and analyzes the phenomenon of the short-term
rapid increase of terrorist attack events in some local areas. Secondly, based on this evolution model, the paper
extracts 17 indicators representing the characteristics of terrorist attacks from the global terrorism database and
builds a LSTM model for prediction. An experimental analysis is conducted using the data of terrorist attacks in
Iraq from September 2001 to the end of 2016. The experimental results verify the performance of the proposed

LSTM-based prediction method on short-term prediction of the occurrence times of terrorist attack events.
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FR A BIAS VE JE SR 6 e 43 77 AR IE RSB I L TR 2, b 1T S B P A 2 T UK (R B . DA
$i 58 A, AR A BR 2 3 U % (Global Terrorism Database, GTD)f#1i2.5%, 2011 4£~2012 4Ei%E A ¥
AR ZE A 100 A5, T 2013 AR A 2014 FAT LA CEETHE T 400. PRk, i FL AR R 2 o
AR TR BEAT SO RS A0 0, I 7E SEBR A T R A R S S B A 8 TAE I LARC &, 5t v] BALE 55 18 i) R4
(1) 5 A BB BN, DT 28 M 28 o (1) St [ i, ek A 2 28 TG sh it — 2D & 4.

H AT, A AMH AT 7T AN R A0 A 5o 2% 28 o 00N ) gt 47 4R 2. 5 1, Brown R0 H T —Fh7E 3%
T A5 R BE AT 2 A 5 (R F00IU 1R 5V, 1% 7 1 2 T IR B A AR 1 2 TR B SR AR R 5 5 T N D R AE
[¥) Logistic [ A4 A AR 45 &, XF H A& 2UNE #1285 o # 1) 2% (7] % ¥ (spatial choice)fT A Hi Filill; Sachan %5 C1 5]
FH D3 52 2048 20 A 17 AS 5] R i 2H 234 28 1) 28 5 Hb /5 (location) H #r(target) F 2 (attack type). 1 %% (weapon
type) 5 {5 &, BN 7 R 2 41 T AR AL DL TN T RE 2 5 R i R 2% o 10 4144 Onat S5 71R B HOEL(E B R
4t(Geographic Information System, GIS), &5& 7 S8 24 BIE RSN 28 B A5 S5E BT BrE Am /R T 1
R Hh P A Ding 2581 i ] 5% BE 58 20 W (00 B0 B L TR 25 SR S 00, A SR ) AL BE AL AR AR SR8 22 3]
D EST AT ER MG T SCHEAT 124 AR TN, T0 5 01k FH BP 4 48 W 4% 45 45 38 A B vk DA Ay AL o LM 28 15 1)
ANFEFRE EARHEAT 7B PEAL . SR DA b AR R AR ORI 2 ROBE B AT B 5, A 4 o 3 288 [ 5 0 A Y
R 28 T AR I G IR D FEANS , 0o AR RIS A0 52 L 22 B a8 5 S Bk TAR SCHEAN A2 R BSR40 5
BHHf 5 RS T R 28 T st AL H b 2SR R B A S TN 1 B M, (EE FF R R G R IX R R R e S
5 3 e 28 o S R A A AR G2 e e 28 T ML PR A, A7 T U (0 FE bR A B A A2 11 e 10,

B IR BRI TAE LA, 38 — 553 B 7T LA ] 35 471 23 At g 2, 6o 28 28 o 4 (%) mT Foill 4 47
T e, H A Enders ZFMAE 2000 4F 1 A A5 H, AT 495 T 10 R W 2% o TG W SR A M T e T i
R 28 7 18 % B A #H(medium-term) A1 #H (long-term) 1 & 1, FE48 H B 18] 72 271 43 Bt B AR BE X 2L 28 i 1)
I TR)HEAT A0 1, 05 A 5 002 i 2% o oK 2 R AR I s LB IS 1 AR D21 7E 25 fe 8 K IBUR RELA T FUEs it
(PEA b, DX T R M 22 T AT T A R IR E T T TRR H B A48 A (threshold autoregressive, TAR)XY
R 28 o sF ) e 5 T e 85 D3 FH 23 Weeimann 25 USLEE S b7 224 i 2% o 100 0 2 P ) Uk SRR 1) S it
I, FIFH Box-Jenkins 1558856 2 5% o S A4 1R i A % 52 55 B8 EAT 1IN IA) 3 0 43, IR M 2 i AR CE AR E 1)
PLH AL, — B 78 31T Y45 5 (first-order moving average model) A] DAY 78 43 Kok, X 4> TAETE
X S P AREAIE 70 2 FE A 1 At L, g R 28 o OO I 9 ) TR ROBE 4 /N B T H B0, 1A TV B TR A
TR () K8 B A TR Tt — 25 R i P00 AR ke 2 i 2% o 117 B[]

DR, 2T DL B AR, ASOR 45 G AL 28 2 1R[] 7 51 300 7 28 AR A0 i, 38 th— Fh i T KA Nl
Z.(long short-term memory, LSTM ) £5 WX £ 1) 2% i 28 o 2 A8 I 1] F500 5 v, 88 3ok ek ] 3 471) 003000 ) L s 2%
RN 318 43 Bl S A7 AE 1R A0 30 PN R M 28 o 0 B Gk AT AR S 4R K IR e A2 4 48 X 4% 5 0] BH Hochreiter
(VAR R — R IR ) 33 JH A 82 Y 4% (recurrent neural networks, RNN), 7= 2 N fE ek 48 RNN LS T 2
I BT Wi, E AT R 2Rt a5 8 000 A e A 2 517 ORI IE ST LSTM [ R 2% R A i)
[E) F50I0 77 V2 R ROCR, AN S S S 1 2 28 o AR AR A, X Ry b XA AE 1 2 28 o A R N o
Ja| 38 S G FEAT 43 B, RE TR0 N FE AR B0 A B ) R AT T M [ B LR, A SR R B 2001 4FE 9 H
Ji B2 2 o B 4 FE O [ SRBUA RS R 40 3 SRR AR, 78 1 28 3 250 10 28 = Fh ALl 2R 5E ~ 43
Bt RS, JERH =R 26T B4R bR f LSTM A28 5 MLP, KNN, Adaboost Fl SVR PUFH FIHL &7 >
FEEATR L, 5 R BIR, LSTM B AAE 9 ZH 560 B0 1) i Z2 06 L HR i AR 2 86.7 Y%, PRI 1 R 4T 1Y) i) il i
R Sz A Re
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Fig. 1 Evolution model of terrorist attacks events
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Table 1 Indicators for the prediction model of terrorist attacks events time
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Fig. 2 The neuron structure of LSTM
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Fig. 3 Time prediction model for terrorist attacks events based on LSTM
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Fig. 4 Experimental procedure for time prediction of terrorist attacks events
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Table 2 Characteristics of the three extracted datasets to perform comparisons
HHi4%E  TrainBegin TrainEnd TestBegin TestEnd TrainN  TestN  TrainMean  TestMean  TrainStd  TestStd
DS1 2002-04-03  2010-06-22  2010-06-22  2011-11-25 5545 1849  15.027 15.544 8.678 8.714
DS2 2011-11-26  2014-02-22  2014-02-22  2014-06-30 5145 1716  16.226 16.121 8.830 8.644
DS3 2014-07-01  2016-05-29  2016-05-29  2016-12-31 5682 1895  15.663 15.726 8.723 9.044

D A R P2 A BE 7, K P ade 1 AFr e R 28 o A B0 R 4 R 2 i = AN HdfE £, DS1, DS2,
DS3. DS1 4% 2011-12-15 §if 36 % i AR MBSz 5o 4804 I 300 ) 228 4 28 o 25040, DS2 i 7 36 M F 2 J5
% 2014-06 ISIS N2 Z Hi % ds, DS3 G4 ISIS A2 )5 24 MEdE. =34 75 AR L s A R 1
LRBUGKT B, BAR S B AE], B AL R i 28 7 SR S 8 A I, 350 W1 B 28 IR A = AN 4R B
B 22 S, AT DO AR (1A R AT 8 g T B RSB R N 4 M IR AR A AR, I 4y B4 D )1 R AR
b 4 ER B FRT 75%, AR AE & S 25%. H A, TrainBegin, TrainEnd, TestBegin Fll TestEnd PU i 43 51 # iR Il
SRAE MR M 2 T SR 2 H L B0, DST ITZREE N 2002-04-03~2010-06-22 (%4, Wl 4
N 2010-06-22~2011-11-25 1%, TrainN 1 TestN 10 A &, TrainMean, TestMean, TrainStd f TestStd
43 AR N 5 AT 4 o R 28 7 S b kA H A RSP 3B R 7 22, 7R e B4 5, A b e AR A & 24N
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ANTE] EHE R O 55 0] R, SEEG AT 1 AR AR B, AT 5.2 AT R,

AL J8 = FhAS [F] AT R 28 o A R A I TR, B 128, 3 2B A 10 AR R0, Horbo 1 2B S
RFNA b — R 2 S BP0 — k& 1) H I, AR P K (single step) Filill, 3, 10 PP 5K 9 H
e, Bt RS E BTN ¢ 2 ¢, R(n = 3,10) K2 28 &5 (1) H . X R 2 20K (multi-
step) TN ) 77 sUAE 48 7 LSTM #ERLH FH T H ARG 5 2% 21 TR kAT 7 51 2]/ 47l (sequence to sequence)?# ] 231 ()
BB AR K IIE, £F6 LSTM A& & KI5 I1CAZ P REE, 78 58 0 B PPA A R 1 R A R B

R RS LSTM AP e, A SCR H 22 )2 B AL (multi-layer perception, MLP), 2 ¥ 1] & [7] 9 (supprot
verctor regression, SVR), k T4l [7] 9 (k-nearest neighbor, KNN) L & AdaBoost [F] 545 JUF# 25 i (AT 2% 27 2] A
BT . BARSHRE T LSTM Al MLP B8 (14 R T (batch size) Ay 500, itk (epoch)A 200, MLP
Ml & 2R ENE LSTM —F£[1 2 )= Dense JZ, #4181 H RMSprop 1 A4 % (optimizer). SVR % o # %
F R SR T AR B 4% ) 2L 2R $8 (radical basis function, RBF), AdaBoost ¥ & A1# F 50 e #f, KNN
H1IE 4R (neighbor) B = W B N 5.

S F -2 45 6] 1% %2 (mean absolute error, MAE)/E Jy 4 2k B 500 1 28 0 28 B HEAT Il 5. 5k MAE 41,
TR PEAR B B 7 K F 420 75 1% 72 (mean squared error, MSE)Fl1H {4 X 1% 7 (median absolute error, MedAE){f N
Ay B ASL Y OO K 2 B FR b, 1R ZE AR )N, U BB TN A B . b MISE I8 F T VR B I AR AR S
MAE A EUSE I B0 HL AT BATR] S0P A 38R R R, E B 5 (outlien) U AN AL ; T Med AE X B A kK 9 BEURK,
JE I = TR ZE FR AR LU BRI A THI Y e WUASL AR Tl M . = ZE v A S R

I 1 ¢ -
MSE (y,y) = J - Z (yi — )%, (1)
i=1
PR -
MAE (y,y) = EZ|yi_yi’7 ()
1=1
MedAE = median (|y; — %) , 3)
Horbn NPEA SR, y; NSERRE, g NTINME.
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tH T GTDHE FE il 5% 7 R A, % 1 ) 17 MEFR P AAE SR JAEIF 2 nkill, nwound H1 propextent =
T, BB oy Bt 2 oy AR IR T NS, 200 N B UL RV =43 2 gl [R1 B BE T NH0, 24 N B ) 88 DL i
Jr 2l sk, AAE K E B BAE, AR T 1000 TAE BIR S RE. A SCR A 25 B CREZIE R R AL
PFRAED (20100} LA b =T 8 R 47 A BE, A0 T NEL 200 A By -1, 4] T2k, RIEdm s gk A A A
A ) e 28 s AT R N — 1, ANTE S IR BT N 5345 T 1R R i 28 o Ao R0, e 1273 a&pl 3 A LA
FAETS, B 10 AN CLRS245 % B Re ii 28 h FARRS Bc1, — M T3 a3 N LA 10 ABURAET:, 8 10
NELE 50 NBAR 245500 22, BORMGT-°28; 1A 10 ABAE 30 ARURFET:, 8% 50 A LA L 100 ABLF 5245
XFRE3, AT 1R 30 A LA EAET:, 838 100 A LA b 32455550 R4, Re il R 12728, Jlid ik oy =K,
% nkill 1 nwound P T8 A 56 Bk S AB D 42 e 72 o5 (AL EE T AE. 1% propextent Fa b, B IA P45 K, 3=
L n) SR AR KRR, R A B Al SR RUME 4 ARR M =P R RN, A SO PRAE SRR AE A4 TAEAS
P ECHEAS Bl 5 72 AR T, MO SR RAE AN T —1, ANTE? 2K, AR BRI IO AR B2, B KA B ORE 58



170

4 TR %R

35 4%

ELSE RIS, B 28845 propextent FEF5 7)1, 4] 112K, 5 nkill 1 nwound W IFEFRAHIA.

522 FAEMAEL

PEBEIC %5 SR B AR B (5 AN, 17 BN 22 Bt K, 2500 Bl AT AL AL BE . A SCHY T8 K
B O B B ek 0 H 0, 6 K e AT 278, BT min-max J7iEEET A — 1k, AR AT

Z = (z — min)/(max — min),

“)

Herb max A1 min 73 5 A% FE bR RO i RN e/ IMEL, VA2 5 B SR PR BUE 22 AR 7E(0, 1] X 18] L.
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Table 3 Prediction error results for different models in experimental study

Wk R Bk B DSl bs2 Ds3
MAE MEAE MSE MAE MEAE MSE MAE MEAE MSE
LSTM 0.904 0.500 9.043 0.673 0.526 3.750 0.426 0.145 3.866
MLP 2.284 2.030 12.157 1.049 0.897 4.042 1.367 1.284 5.457
15 SVR 1.659 1.358 9.723 1.370 1.248 4.765 1.503 1.245 5.666
KNN 2.193 1.400 14.242 2.187 1.600 10.470 2.122 1.600 10.169
AdaBoost 2.433 1.127 15.612 1.868 1.138 8.883 2.295 1.414 12.366
LSTM 0.861 0.401 8.832 1.070 0.974 4.180 0.905 0.753 4.815
MLP 1.734 1.450 12.096 1.343 1.138 5.837 1.789 1.609 8.651
to 34 SVR 1.661 1.366 9.664 1.324 1.173 4.603 1.440 1.190 5.507
KNN 3.197 2.400 21.105 3.105 2.600 16.475 3.750 3.000 24.017
AdaBoost 2.121 1.118 14.407 1.618 0.912 7.612 2.143 1.297 11.183
LSTM 1.001 0.669 9.434 0.716 0.864 4.058 0.611 0.417 4.103
MLP 1.778 1.180 12.907 2.390 2.110 11.618 2.754 2.443 13.112
1045 SVR 1.775 1.432 10.025 1.380 1.198 4.852 1.570 1.345 6.403
KNN 3.604 2.600 27.799 3.136 2.400 18.323 3.773 2.800 27.235
AdaBoost 2.261 1.063 15.154 1.970 1.224 9.934 2.377 1.353 13.592
LSTM 1.589 0.782 20.011 0.931 0.697 6.906 0.950 0.537 10.116
MLP 1.808 1.009 24.069 1.972 1.689 10.459 1.735 1.413 12.988
Avg(tl7 t2) 34 SVR 2.004 1.298 18.891 1.468 1.224 7.214 1.629 1.166 9.759
KNN 3.756 2.600 30.961 3.300 2.600 19.551 3.893 3.000 27.604
AdaBoost 2.755 1.455 20.234 1.798 0.929 10.251 1.858 1.039 11.202
LSTM 2.634 1.007 44.276 1.678 1.212 16.227 1.442 0.712 20.068
MLP 3.648 2.114 46.669 1.960 1.358 17.522 3.273 2.534 27.477
Avg(tl7 tg) 103 SVR 3.061 1.621 37.240 1.765 1.311 13.096 2.060 1.288 19.567
KNN 5.147 3.600 52.250 3.480 2.577 25.556 4.253 2911 37.409
AdaBoost 3.413 1.986 26.511 2.290 1.346 14.943 2.416 1.522 15.939
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Fig. 5 The train-test loss curves of LSTM model
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