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Development of Activity Inference Model by

Machine Learning Method
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Abstract

People travel to engage in activities at their
destinations, especially in densely populated areas like Bangkok,
stimulating economic growth and improving quality of life.

Understanding travel patterns can enhance transportation

management and planning. regularly conducts travel surveys in
Bangkok, but these are costly and time-consuming. This research
investigates using machine learning to infer travel activities from
mobile phone signal data, employing Bayesian Network and
Random Forest algorithms. While both models achieve about
90% accuracy, the continued use must take factors such as data
format and method of data processing. And additional studies
are needed to obtain a more accurate model to evaluate this

model’s performance.

Key words: Travel data, Activity inference, Artificial intelligence,
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Activity Inference
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{House/Condo/HotelMall/Park Government}

Baysian Network
Inference

PlActivity Duration Location Arrive Time) = P(Activity Duration Location Arrivetime) x P(Duration) x P(Location) x P(Arrive Time)

{Resident , Recreation , Work}

Duration
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2.2.1 Machine Learning
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2.2.4 Naive Bayes

Naive Bayes Classification (NB) tfunilslu model dnsulélu
MSIE Fus w%aﬁ'sazjmfuag”lumjmlm Fadu supervised
model 7 #9351n15 label n'ou (Ad18AU linear classification /
logistic regression) Tpunanni15989 Naive Bayes Classification 2%
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Ty Tuved linear classification 9¢1ldvdnn1snsiavadin
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Number of correct predictions

A =
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M zone_d A NTUYINLIUATUO TS
Uaenna

M_Mode sUsvusumuglumsiiunig X

M Building_type UIBLANIBIDIATIANNY Off/Shop

Yanenig

M stay time_type Uixmmaaiwmmﬁa&vjﬁ 2
Uaenna

M travel time type Uszunmvasszeziandildifuma 5

M_distance_type USANTDITTHENTIAUN G 6
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3.4 msihdana3nuuldlunsassuuydiass

nsaauvudaesitosynuinguszasdmsifiumennyadeya
ilgsawseuly Sanesfiuidenunld ldun Naive Bayes classifier
910 Bayesian Network lLag Random Forest Imaﬁumﬂsqm”mﬂa
BTDS fiaztirfoa 80% wesyadayasnuaslinuuudiaes uay
20% fiwmdeuldvaaoy 1ioguszAnSainveuuusiasnou
wianiuinuuieeniluldlunsaeuniseynuingUszasdns
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btds_dfU_Sindex ¢ sampl nrow(btds_dfU.
btds_dfU_Strain ¢~ btds_dfU_5[btds_dfU_Sindex
btds_dfU_Stest ¢ btds_dfU_5[btds_dflU_Sindex=

set.seed

btds_dfU_5_nb < naiveBayes(x = btds_dfU_Strain[, 1:10]
y = btds_dfU_Strain$H_activity_type 2,
laplace = 1)

btds_dfu_5_nb

btds_dfU_5_nb_test < predict(btds_dfU_5_nb

newdata = btd
type

fu_Stast[, 1:18],

btds_dfU_5_nbtest_conf ¢ confusionMatrix(data = btds_dfU_5_nb_test,
reference = btds_dfU_Stest$M_activity_type 2,
mode = 3")

btds_dfu_s_nbtest_conf

mb_dfU_5_nb_prd < predict(btds_dfu_5_nb
newdata = mb_dfU_5[, 1:10],
type = "
cf_mtx_mb_dfU_5_nb ¢ confusionMatr ‘ta = mb_dfU_S_nb_prd,
mb_dfU_B$M_activit
mode =

cf_mtx_mb_dfU_S5_nb
JUM 9 mstinuageuinunaLuuIaes Naive Bayes Tulusunsu R

- sample(2,nrow(BTDS_Imp2), replace
train.btds <- BTDS_Imp2[ind 5
test.btds BTDS_Imp2[ind == 2,

rf.w.unk.5 <- randomForest(
X train.btds[,c

y = train.btds$M_ac
ntree = 200)
pre.rf.w.unk.5

JUT 10 nsRinuazeusurauuudass Random Forest Tulusunsu R

predict(rf.w.unk.5,test.btds)
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4.1.1 Naive Bayes Classifier
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Naive Bayes Classifier for Discrete Predictors

Call:
naiveBayes.default(x = btds_df_43train[, 1:10], y = btds_df_43train$M_activity_type_3,
laplace = 1)

A-priori probabilities:
btds_df_43train$¥_activity_type_3

work_study shopping rest other
0.16801458 0.13615588 0.61421432 0.08161522

Conditional probabilities:

M_Dep_Week_Ttype
btds_df_43train$¥_activity_type_3 MP-WE EP-WE DOP-WE
work_study 0.6063865831 0.0230391326 0.0540826698

shopping 0.1977843967 0.1892146104 0.2467471391

rest 0.0486168252 0.3712146673 0.1119751627

other 0.5203903799 0.0385151621 0.2100034855
M_Dep_Week_Ttype

btds_df_43train$¥_activity_type_3 NOB-WD EP-WD MP-WD
work_study 0.0013975944 0.0086396747 0.2348805692

shopping  0.0136385013 0.0710142656 0.0819877724

rest 0.0684807677 0.1497444575 0.0180676116

other 0.0027012896 0.0139421401 0.1287905193
M_Dep_Wieek_Ttype

btds_df_43train$¥_activity_type_3 NOP-WE EM-WE N-UE
work_study 0.0048704049 0.0343892936 0.0006776215

shopping  0.0377802163 0.0450958875 0.0004702931
rest 0.1729345093 0.0061538818 0.0099667389
other 0.0081038689 0.0261415127 0.0008713838

U7 11 fee1 Conditional Probabilities 484158519 UUTNGRY Naive Bayes

Tulusunsy R Aflneuannyadoya BTDS
n1suanswanisandunisadislanasenuilugluuuees
Conditional Probabilities 994 features wAagALAguiuA target
o) M activity type 2 ﬁlﬂizﬂauﬁ”w other, rest, shopping, Wae
work_study lngiin153y probabilities muUsziAnveIRanssunTe
Foquszasdnisauns dadelunaaeutuyadeyaifivaiund,
uasamsaduansd

M1519% 2 wam3inUszdnSaImves Naive Bayes Classifier Model filinHua1NYA
Joya BTDS snvngaufiugndasaiiu

fanssu Precision | Sensitivity
other 75.93% 69.55%
rest 99.63% 99.69%
shopping 80.65% 86.91%
work_study | 85.99% 83.86%
Accuracy | 92.85%

4.1.2 Random Forest

ihdeyailavianuazoinuardnguiuuiamnaiauuudiaes
UszLaM Random Forest wamnageauldiegnseanunfssuauaisi

Confusion Matrix and statistics

Reference
prediction other rest shopping
other 2064 27 219
rest 16 21568
shopping EED] 6
work 347 16

overall statistics
Accuracy :
95% CI
No Information Rate
p-value [Acc > NIR]
Kappa :

Mcnemar's Test P-value : 2

statistics by class:

: rest Class: shopping Class:
sensitivity . 9977 . 9010
specificity . 9968 . 9783
Pos pred value - 9980 . 8688
Neg pred value . 9964 . 9841
Prevalence b . 6164 .1377
Detection Rate b . 6150
Detection Prevalence b . 6162
Balanced Accuracy b .9973

JUT 12 wamsnadeuuuudnaes Random Forest lulusunsu R megadeyaiau

nansnaaauleen Precision wag Sensitivity fafl

M15197 3 wansinUseAnsnmues Random Forest Model fillnWuaNYatoya
BTDS wmngeuiugndeyaliy

NAINTIN Precision | Sensitivity
other 79.57 % 74.86 %
rest 99.80 % 99.77 %
shopping 86.88 % 90.10 %
work_study | 89.56 % 89.40 %

Accuracy | 94.75 %

5. unasy

o

5.1 agunmsansii

91nun 4 delnuuiaesisaeniouuasnaaeuvuyadona
BTDS wu31 Random Forest iUszdnsanlagsingian daugn
ﬁaqasﬁ 94.75% Lﬁa@mazﬁmisu nuINaNTIU rest fnulase
msmmwuLLasmmLm'usfﬂumswmnm‘qaﬁ'qﬂ Wesamu
Aanssudimanlaiendssnneints graaavesiy wasdadiu
Maiuniesiy wszdnduianssudiinfienasuszan home
Viaanganduiedn wanidunisiunsdiduines vestu dau
RERERHY otherﬁﬂ'ﬁﬁgnaawﬁﬁqduaaqmei’waaaLﬁaamm’ﬂu
Aanssuiildfiuuuunumed Ssmaenlden dethuuudassiiaa
31ngataya BTDS weyuuinguszasAanisiiunisluyadeya Big

Data léiheganiseuuu fail

Bafawls Foya
M_trip_proportion 0.33
DOP-WE
M_Arr_ Week Ttype EP-WE

uuudnaag

—

Random Forest

M_Dep Week _Ttype

ot
8S
oy
M_node_type Off/Shop
M_stay time_type 1
Mot ime oo [ [ fobun | ow |
M_distance_type 6 | Predicion  [ETSRO

JUT 13 fegnanseynuinguszasinisiiunsveuuuiiaes

5.2 Jaigueuuy

osniuiigadeyaiizuuuunaziulsiunnsieiu lusuian
amndianusesnisiddeyansidunisanniandgyaradnsénsiunly
aa'wmﬁugﬂuuumn%u ArsAnlanagneeuyiligunuudulsves
Yoyafimnuadnendsiu uazdinnsdearsseminsaeslie azsinle
LLU‘U*S'laaqﬁﬂ55?11/|%mw°1uﬂﬁaigmuﬁaﬂﬁmmilﬁummr]%u uag
Tupouiifwnndesmslifinssunsfiumaduvesyadoya Big Data
agjuugmmmﬁwwﬁu o1huuuassilldanyadoya BTDS T
sysnusuysluyateya Big Data swvilvigndeyaiiniusiniefie
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