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ABSTRACT

This research aims to (1) study and assess the risk levels of road accidents in
Thailand using accident data from 2019 to 2024, (2) analyze factors influencing the
severity of accidents to gain insight into factors associated with accident occurrences,
and (3) develop a web application for predicting road accident risk using machine
learning techniques. This study employs a quantitative research approach, utilizing real
accident data from Thailand, which is applied to a Random Forest algorithm to build a
predictive model for accident severity. The results are presented through a web
application. Descriptive statistics are used to describe the data features, and model
performance is evaluated by dividing data samples to test accuracy. The findings show
that machine learning techniques can effectively predict accident risk, and the
information obtained can be used to inform policy and enhance preventive measures
to reduce accident occurrences more effectively.
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NaNN15999 Random Forest @8 @519 model 210 Decision Tree a8 model
o8 9 (Waus 10 model &1 11AN31 1000 model) Tnausiaz model 9zl Sy data set il
wiiteuru Gy subset va1 data set Vv mauvi1 prediction AlWusaz Decision Tree
¥ prediction vaslasuawiy uazuIaNa prediction #3815 vote output i gnideniag
Decision Tree maﬁ'qﬂ (N3l classification) #3© #1A1 mean 31N output VBILA AL

Decision Tree (n3&l regression)

Decision Tree usiaz model 11 Random Forest a1 weak learner — Usenm

10U model Alsitnawinlus uanedeusay Decision Tree 1191 prediction Saufiu Aay
19 model saudAuLNY Lazliiugiunni Decision Tree %1 prediction wuULAYY

#ann15%1 Random Forest A

1. sample Yoya (bootstrapping) 91 data set M4viun Wiladayasanyn n ya 7l
willouru #ud1uIU Decision Tree T Random Forest 13U data set Assuileg 10
feature (X1,X2,....X10) wsiaz Decision Tree 3l feature lUluwmilounu way azla

Joyaliinsunn row 938310 data set VIMUAGIEY (X1 -> X1,X2->X2',...)
2. @%19 model Decision Tree dmsuusazyatays

3. 91 aggregation HaaWs nuAay model (bagging) LU voting Tunsel classification

%39 ¥1A1 mean TuUNT regression

) a 5% a ad = v = x -
VUABUNTTIATISUAIYLNAUAIBTNITLIBUIVDILAIDI (Machine Learnlng)

1. -mslvandaya NnlueaEuannisivandayagUfivnainivg csv

import pandas as pd

data = pd.read_csv('acc data.csv")

A 12, Mslvanteoya



® import pandas as pd: 4d1laus3 Pandas galddmsuinnisteyaluguiuy

DataFrame
® pd.read csv(acc data.csv): oulwa CSV %ﬁﬁ%}a;&aqﬁama
o lyatlmsusznaunie: AoauLTLaes (Features) lWu T, o, F3lue, 39130

wagiUsidming (Target) LU S¥AUANUTULIIVBIRURYN

2. mansvadoya

Toyavzgnuuaniuiuay (numeric) iiveliluparinaule:

from sklearn.model_selection import train_test_split

from sklearn.preprocessing import LabelEncoder

encoder = LabelEncoder()

data[ "m2usuuse’] = encoder.fit_transform(data[ ‘ausuusa’])

X = data[['du’, "wau’, 'ﬁaiua']]

y = data[ "anusuuse’]
X_train, X_test, y_train, y test = train_test_split(X, y, test size=0.2, random_state=42)

AN 13, M1SRSEUToYa

2.1 LabelEncoder():

o ludasiuusithnme (Annusunsy) 1ndeanu wu "guRumaidndes” 10y

AaY U 0, 1,2, 3

o sililumaidlateyaidmnglugduuuiiavladeyu

2.2 weniaaswagitnnune:

o X: UsznaumisLaosniaas1alanna 1oy U, 1o, 97k9

o v usuusithung ‘aruguunsy

2.3 NMsudstoyane train_test split:

® test size=0.2: ULUsUBYA 20% dMTUNAGOU hay 80% dvumsuluiag



[

® random_state=42: ldprununsduLiellanai SRt uYNATINSY
HASNS: YadayadmIumsu (X_train, y_train) wazyadayadmsunadeu

(X _test, y test)

3. N15a319luma Random Forest

from sklearn.ensemble import RandomForestClassifier
model = RandomForestClassifier(n_estimators=100, random_state=42)
model.fit(X_train, y train)

2N 14. saselung

3.1 RandomForestClassifier:

® Random Forest [umaliansiieudvonaiasiisiunaandulinisinauls

(Decision Trees) a1y ¢ i
® n_estimators=100: Tgeulal 100 dululaaa

® random_state=42: LilaAIuANNITH

3.2 model.fit(X_train, y_train):

3. 3msuluinamedeyarin (Training Data) Miwenlineuniiiil

Naans: lumanmsunal wiauldvinunenadns



4. p1suneNawasUsEuUTEaNS NN

from sklearn.metrics import classification_report, accuracy_score
y_pred = model.predict(X_test)

print(classification_report(y_test, y_pred, target_names=encoder.classes_))

print(f'Accuracy: {accuracy_score(y_test, y pred)}")

AT 15, NSYNUIERALAZUSELEHRUSZANDNN

4.1 model.predict(X_test):

o lylupainsuuaalun1svinwgRaansseRuAU UL Bty aluYAvIngeU

4.2 classification: report:
®  Precision: muwiiugveaslaalunINUgLAaE LAY
® Recall: AaNNsavRlAAlUNINTIATUMIEE 19T uusaE LAY
® F1-Score: Aafudasiwitingz N Precision Wae Recall

® Support: IWIUIRE Sl ULFAEIIIANY

4.3 accuracy_score:

® uanaAn Accuracy vedluna Fuludndinvesnsvihuedigndosiviun
HaaWS: S189uUsEANsMNYBdlnaLaEAT Accuracy
5. nslgaulunag

nasaNUsEiuRg Mnluwavinaulad Aaaansatuiinluealildnuluowan:



import joblib

# duvinTuiaa

joblib.dump(model,

# Tmaaluieanauulyd

‘road_accident_model.pkl")

loaded_model = joblib.load( 'road accident_model.pkl")

AN 16. Nshraulaea

k¥
AMANYE Model 1 Model 2 Model 3 Model 4
1 14
ANAIUYNFBY 61% 44% 61% 58%
U 6 o U o 5
NAANTANNIUNIINIUEAINNN 4 Ill LA

AMANSMY Model 1 Model 2 Model 3 Model 4

Accuracy 061 044 0.61 058

Precision alfmedauntin: atdmeduntin: admafaundio: it taundia:
027 0.14 0.20 025
aiamghunana: atdmeaithunatx aidmephunan: idmenhunan:
0338 046 028 030
aifigguuse: 020 gidomeguuse: 015 adGuequusa: 000 ad@mesuusa: 0.09
adfmquidmian alfoeedmian Fidmendmian: it dniae:
064 050 0.62 0.66

Recall alamgdountin: atamaduntin: afdmafaundia: idmgdaundia:
004 0.07 0.00 012
gidmmhunana: atamaihunans FEmephunan: Fiémephuna:
0.183 0.51 0.03 018
aidgguuse: 002 addogguuse: 009 addumequusy: 000 gddumesuusa: 0.02
giAmamias aifmeuimiae: FEmedmiae: ievednae:
081 054 082 036

F1-Score quampauAtin: aiameduatin: Famadaundia: iemefaundie:
007 0.10 0.00 016
alfmghunan: atdogthunan Fidmephunan: aldmephunan:
024 048 0.06 02z
gifinquuse: 004 addoiequusa: 011 gddmequusa 000 addumesuusa: 0.03
aidmguimias alRoeuSmiae FEmedmiae: ievednan:
075 052 0.76 074

Macro Average Precision: 037 Precision: 031 Pracision: 0.27 Precizion: 0.32
Recall: 0.29 Recalt 031 Recalk 0.25 Recall: 0.29
F1-Score: 0.27 F1-Score: 0.30 F1-Score: 020 F1-Score: 029

Weighted Precizion: 052 Precizion: 042 Pracision: 047 Precizion: 0.50

Average
Recall: 0.61 Recalk 0.44 Recallk 0.61 Recall: 0.58
F1-Score: 0.53 F1-Score: 0.43 F1-Scor=: 048 F1-Score- 053

AN 17. NaN1SATIZH
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= =

Accuracy Model 1 ag Model 3 i Accuracy ganean 0.61 Tuvuedi Model 2 i

q

a

Accuracy G‘]l”ma@‘?l‘ 0.44

q

Precision Model 1 i Precision @3luvuaavy "gUfwmeiinies" 7 0.64 uazaly

U LY 3

"URWMATILATIN" 7 0.27 Model 4 & Precision Adtuluniievy "aURvedniies” 7 0.66
Model 3 & Precision sivbumangwaramy Inewanizly "gURvaguns Jadu 0.00

Recall Model 1 I Recall galunuanuy "gUfmmdniios’ 9 0.91 wansinluinaauise

uunUszaniilan Model 3 i Recall sunnluviiany "aURmvndwnddn’ uag "gUfive

JULF" (0.00)

1 £

F1-Score Model 1 il F1-Score gsanluvuinny "aufmeiantes” 91 0.75 lunaiidl

F1-Score fiantuvanany "aURvsdauntiin’ Ao Model 3 91 0.00

Macro Average was Weighted Average Model 1 & Macro Average ‘ﬁﬁﬁ’cjﬂlu Precision

wag F1-Score usigil Recall 11911 Model 2 i Macro Average mnluinaduluiiauynai

Model 1 Wag Model 3 dUse@nsn1naatun1u Accuracy ks Model 1 & Precision
uay Recall #1An91 Model 3 Model 4 uansdis Precision gty "guRmmantios” wuieaiu

Model 1 il Performance fianasluviiinmydu Model 2 fiusgdniamangalunguil

1Y

lngtangluau Accuracy wae Recall ¥asnsInviyidfiey

]



Traffic Accident Statistics
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