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ABSTRACT
Surveillance and accident reports for current traffic management. Surveil-
lance by monitoring the situation by using CCTV. This detecting method
need to many operators to observe real time. At present communication
technology and social media participate in report traffic incidents. Also,
the accident was report by people who were facing the accident. Therefore,
we decide to create software to investigate accidents from text reported via
social media in Thai language. At present, there is no research or work
platform that clearly supports this form of work. Many countries use anal-
ysis technology to detect the information from Twitter to report incident
notification with verification on different languages. The purpose of this
research is “to develop the deep learning technology and to solve the prob-
lem of classifying incidence patterns and identifying severity of incidents
from social media in Thai’s massage.” For collect incident data and report-
ing incidents externally from a single reporting platform. Using the deep
learning model MLP, CNN, Bi-LSTM, and LSTM-+CNN. We can iden-
tify the twitter message as general news or traffic reporting. The traffic
conditions such as traffic information, accidents, disasters, damaged roads,
or other than those mentioned above. And the incidence severity level
was identified as normal, lane-blocking or lane-closure. The examination
demonstrated the capability of CNN+LSTM learning with the best results
in incidence detection and incidence patterns at 93.44%, and CNN results
in image identification. The incidence model was best at 85.29%, respec-
tively, and the LSTM method best rated the severity of the incidence,
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1. INTRODUCTION

Reporting of road traffic incidences by relevant
agencies at present, each responsible agency has dif-
ferent methods for detecting incidences including de-
tecting the occurrence of the incident by surveillance
of the traffic control room staff through CCTV. By
relying on the display of random images or lap times
of image showing in each camera on the highway or
automatic Image Processing and decided by the pro-
cessor chip on the surveillance CCTV or central com-
puter processing by image processing software or de-
tecting the occurrence of an incident with a sensor
type detector such as Microwave Radar by taking
traffic changes data to calculate the incidence fore-
cast, etc. All of the technologies mentioned are those
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that require investment and the installation of a large
number of related tools and equipments. As the tech-
nology of mobile devices or smartphones is developing
by leaps and bounds, it plays a role in many areas.
On the daily life of the people who use more roads in-
cluding notifying news via social media channels on
various platforms. Twitter is one of the most popular
social media platforms and supports the development
of programs to bring information to use, including
being able to detect incidents by processing tweets.
Notify the news immediately.

In the past research on solving the problem of au-
tomatic incidence detection with a large amount of
data, beginning with a 2017 study by Bo-Huei Lin,
Shu-Fen Tseng [1] analyzed data that the government
allows the public to participate in collecting data by
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informing them via hotline to report on problems en-
countered on the way to compare with road accidents
by the results in the same year’s large-scale. Comput-
ing research, Lin Cao [2] presented a big data plat-
form to collect data for public traffic services. In
the matter of informing the bus time calling a taxi
and providing real-time traffic information. There is
also mixed research by Jianhua Xie and Jiahui Luo
[3] present data collection and analysis route waiting
area for passengers, time interval and the number of
taxis in the city to develop a smart traffic system with
the government. On the other hand, there are differ-
ent types of traffic research for example: Mingming
Zhang [4] introduces the SafeDrive algorithm to alert
motorists in the event of a malfunction while driv-
ing. By referring to various sensor devices in the car,
for example machine rpm and speed, speed and action
angles on the road sudden braking to process whether
the car is losing control or not. The result is 83% ac-
curate, which means have higher accuracy Rule Based
Algorithm at the end of the year, Alessandro Cioci-
ola [5] presented a car sharing platform, UMAP, to
compare each company’s data. What types of people
have the characteristics of choosing a car rental com-
pany? distance and time analysis, pickup point and
destination.

In 2018, by Giovanni Buroni et al. [6], a study
of transport routes coupled with the time of trucks
for bringing in a new management process improve-
ment to reduce transportation costs and pollution
problems and to help solving the problem of traffic
in the city. This article was collected and tested in
the Brussels capital region. Belgium, the same year,
by Alex Kaplunovich and Yelena Yesha [7] collecting
data from taxis in New York City from the beginning
of the pickup at the station during the day that the
driving style parking in any area. Time of start-up
and distance from parking until returning the car at
the station to analyze the pollution of taxis in New
York City. This year, there are various researches
in applying big data to transportation work such as
the research of Lu Lin [8] improves road traffic speed
predictions by fusing traditional speed detection data
with new data types. By bringing data from many
aspects to create more efficiency of the data in the
future, this research will include GP-based and Dis-
tributive GP. In order to make the predictions more
accurate along with being able to assess in real time
meanwhile, a case study of research for large-scale
Intelligent Transport System (ITS) is presented by S
Appavu [9]. It is a presentation of the unique model
of ITS in India. Due to the driving style, road layout
and environmental conditions of India. The ITS Plat-
form in developed countries cannot be used directly.
The publisher therefore has to collect and analyze the
traffic characteristics of India with real data. In order
to use this information to develop ITS systems in the
country, another example of research in bringing in-

ternet of things (IoT) to help manage by Sang Nguyen
[10] the researchers studied IoT technology to create
a parking management system that they believe will
reduce the time drivers need to be in vehicles with
two main goals. The long-term goal is to optimize
the management system. Manage parking spaces the
short-term goal is help drivers spend less time finding
parking spaces by finding suitable parking spaces. In
this research, The IoT technology is provided to mon-
itor the area. The duration of parking throughout the
city and analysis of nearby parking spaces. The sys-
tem works without sending a lot of data. Does not
back up the data detected by the device. All the data
from the cloud server is sent to the cloud server. The
analytics uses Hadoop and Map Reduce and is ready
to run on the cluster computer.

In the year 2019, Qilei Ren [11] studied the appli-
cation of Block Chain technology as the center of stor-
age or forwarding data in an ITS and using IoT de-
vices installed as a detection device in various places.
It has been compared with a cloud server data center-
based system and directly designed peer-to-peer data
transmission between vehicles. There is research to
solve traffic problems by Yang Zhao-xia and ZHU
Ming-hua [12] researched and developed the ability
to estimate Travel Time in a flexible range of roads
in the Traffic Information Platform. They both com-
mented that Big Data traffic can effectively provide
feedback or suggest a solution to traffic congestion.
Using Travel Time analysis method from Big Data in
dynamic prediction in real time tested on traffic mon-
itoring system structure using RFID tag technology
and using fusion data. The test results in the model
show that the new method used is more accurate and
can solve traffic congestion problems and make traf-
fic smoother. Meanwhile, Li Zhu [13] presented a
research study exploring Big Data analytics systems
in the intelligent transportation system. The survey
describes the history of the unique characteristics of
both Big Data technologies and the ITS, a frame-
work used to perform Big Data analysis in ITS results
analysis tool. Methods for analyzing results include
analysis of road traffic accidents. Road mobility esti-
mation, administration, planning and management of
the public transport system. Personal travel planning
as well as maintenance planning.

Currently, the research trend of new technology de-
vice which is IoT has a priority to develop the Auto
detect incident system. In addition, the research the
study about analyses data from any interested group
with detect incident from social media messages in
2016, by Peerapon Vateekul et al. [14]. The au-
thor presents the method to get people feeling and
emotion from Thai Tweeter message by using Deep
Learning Method with Short Term Memory (LSTM)
model and Dynamic Convolutional Neural Network
(DCNN) model then compare with other method such
as Naive Bayes and SVM. The result indicate that
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these two methods were get more high accuracy espe-
cially DCNN with 75.35%. Besides, Supon Klaithin
et al. [15] present categorize message Thai Twitter
by naive Bayes classifiers which is the one of machine
learning for categorize detail of event and summary
data with separate Tweet for two group that is In-
formation of Road with average correction 88.42%
and Classification with average correction 76.40%. In
2020, Tanatorn Tanantong et al. [16] present method
for get keyword from Thai message in Twitter with N-
gram technique for classified the word that does not
in dictionary and increase accuracy of partial word
in Twitter by using message regarding to Thai uni-
versity for classify keyword and trend analysis. The
result indicates that they got 70% accuracy.

On the other hand, in a group of researches to solve
such problems. Modern methods based on technol-
ogy, such as pseudo-neural network methods or deep
learning, have been introduced into the analysis and
processing by Zhenhua Zhang [17]. In 2018, it pre-
sented the use of Machine Learning to detect traffic
accidents from social media data. More than 1 million
tweets were reviewed in one year in two cities: North-
ern Virginia and New York by selecting key words
from sentences with Apriori Algorithm and importing
them into ML for further answers. The experiment
compares DBN, LMTS, SVMs, and sLDA methods
with identifying the area of incidence or according to
research by Robert Neuhold [18] said data collection
on expressways for traffic management depends on
the installation of automatic traffic and traffic moni-
toring systems with cameras only. The research team
presented guidelines for using social media as an addi-
tional source of information by ASFINAG, the Aus-
trian expressway transport authority. Developed a
system to display the average speed of each kilometer
at different times of the day. This allows the driver
to quickly get information on the situation in a color
chart. It has evolved to be able to collect event de-
scriptions from Facebook and RSS of Austrian ra-
dio stations and popular newspaper news which is fil-
tered through useful relevant messages and processed
into traffic data and presented as a color symbol for
traffic conditions or average speed on the route at
that time. Meanwhile, Fang Jin[19] said: More infor-
mation from social media that has been mentioned
or reported on the current incidence. This makes
it possible to detect the tendency of accidents and
incidents on the road. quickly In this paper, the re-
search team presents the nature of the problem as well
as the complexity of applying Spatio-Temporal Data
Mining principles. To analyze accidents or incidents
on the road Hasna El Alaoui [20] said road accidents
are still common. Safety has become a major con-
cern problem. There are many factors that explain
a traffic accident such as the nature of the environ-
ment at that time, behavior, weather conditions and
other complex factors that are uncertain. The out-

come of road accidents is not linear. Therefore, it is
imperative to explore the relationship between data
from many aspects to reduce the risk. The research
team has used the data of past accident reports come
pre-process and classification by using Data Mining
tools to find information that can predict the cause
of the accident. The results obtained can validate
the data and can help predict new events in the fu-
ture with similar data. The goal of this research is to
analyze the data and select the most accurate data
obtained for validation by analyzing the nature and
relationships of the data. The research team proposes
a decision system for analyzing traffic accident data
to extract information related to road risk preven-
tion and also introduces the concept of crowdsourc-
ing. In the process of collecting additional accident-
related information from road users the proposed sys-
tem uses data mining methods and big data tech-
niques suitable for surveying accident data and uses
Hadoop to categorize road accidents and determine
what is causing the problem. Until now research on
social gathering data is ongoing and it is a replace-
ment tool for traditional technologies such as Tat-
suya Yamazaki [21] that presents Open Data Acci-
dent analysis. Publicly available public information
of the city of Niigata, Japan which useful information
in the analysis of such incidence problems can be clas-
sified as weather forecast information, event statistics
of vehicle-to-vehicle accidents (V2V) and Human-to-
Vehicle accidents (H2V) and accidents without par-
ties together with panoramic images of red light inter-
sections from the analysis results of all the informa-
tion mentioned will show that traffic junctions with-
out traffic lights are more V2V incidence than junc-
tions with traffic lights, ultimately Yuanyuan Chen
[22]. Presenting traffic-related milestones from Sina
Weibo social media, China’s Microblogging Platform,
using the Bag of Word Model technique to find key-
words. Chinese is compared to English for input into
the neural network (NN) and to experiment with the
use of Convolutional Neural Networks (CNN), Long
Short-term Memory (LSTM), and a combination of
CNN and LSTM methods to learn to recognize words
and events to be used to number and find traffic in-
cidents.

2. DATA PREPARATION

Data preparation to create practice and test data
sets consisted of 3 models: a model for grouping in-
cident messages and general publicity messages, a
model to categorize the types of incidences and a
model to classify the severity of the incidence. The
model that was created used the same set of data for
training, so to limit errors the same test data set was
used. It will test the actual data set collected from
social media posts on Twitter. The data must be im-
ported through the Data Preparation process which
consists of dividing sentences into words, filtering un-
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wanted words out, changing words into numbers and
adding equal sentence lengths. that has come to make
labels of text in the next step. The process step of
this method was shown in Fig.1

Twitter data

Pythai NLP

word tokenize

2

Stop word <

|
) Stop word copus

Text fitter

¥

Convert list of word
to array format

Keras

Create word index

2

Convert text to
integer
Padding sequences to

maximum length

Fig.1: Data Preparation Process.

Fig.1 shown the Tweet message was separated to
each word with remove word by Stop word method,
text filter and convert to array format then increase
the word length by using maximum word length

2.1 Identifying Traffic Incidents

Steps to classify messages it starts with taking the
information gathered from Twitter messages through
various processes in order to prepare the data be-
fore the test by carrying out the process of extract-
ing words. filtering out words converting words to
numbers in sequence and increasing the length of the
text then enters the testing process. In this step, the
test-ready text is passed into the classification model,
which is the first model. Its purpose is to classify the
message between a general press release or an incident
notification message.

2.2 Identifying Patterns of Incidence

For the incidence classification testing procedure,
it is performed second after the text classification.
The text to be tested is an incidence message that
has been categorized from the message division of the

staff. Therefore, pre-test data is prepared by storing
it in the tolerance variable and passing it on to the
model to classify the incidence. At this stage, a test
for the accuracy of the incidence classification is car-
ried out. The objective is to summarize the answers
to the incidence messages to be able to tell the type
of incidence by the incidence type of the test data
group that has passed the professional personnel clas-
sification process. There are total five types, so the
message can be tested immediately.

2.3 Identifying the Severity of the Incident

In the process of testing the violence isolation when
receiving a message from Twitter. As in the previ-
ous process, the incident-only message was used in
the test, the process was initiated by the operator-
classified message used for pre-processing. Then the
text that has gone through the data preparation pro-
cess is brought into the model to test the validity of
the model. For this step, the model is tested to iden-
tify three types of profound severity.

2.4 Converting Words into Numbers

Neural network behavior is the process of import-
ing a set of numbers to calculate mathematical calcu-
lations according to each learning method. All words
from a data set with word indexing process. It is
generated by word frequency by giving word indexes
in order of repetition of that word. For example, as
shown in table 1.

Table 1: Word Index.

Index Word
1 uen

AURLNA
) )

06N

37193

83U

N1393199

%29

Ay

O 0| Q| N[ K| W

499

—
(=)

i

—
—

VIN

2.5 Incident of “Stop word”

Word that always used in many sentences but it
does not mean in the main clause. However, some
repeated word was the key word of the clause. Many
research of NLP was encounter on this issue that is
“the, a, an” word for English and, “uaz, #u, 7,31 Word
for Thai. These words were called “Stop word”. For
the preparation data Stop word was cleaned for get



The Collection of Road Traffic Incidents in Bangkok from Twitter Data based on Deep Learning Algorithm 271

the main clause to decrease complexity of learning
simulation.

In this research used Stop word list of “pythainlp”
which is Thai language. The main concept was clean-
ing Stop word that is in pythainlp from sentence. e.g.
“15.56 &y fafu oz udh swau asns ani” will clean Stop word
to “15.56 @afu e 93w gns” which is remain the mean-
ingful of sentence. After cleaning Stop word, the Co-
pus will decrease 7% of total word.

2.6 Data Augmentation

The detect word and sentence of incident tweet in
Twitter was clarified to 5 types and, several of inci-
dent was clarified in 3 types. For compare number
of messages, indicate some type was a majority and
minority that shown in Fig 2 and Fig 3 respectively.
The imbalance data of classification could decrease
the data reliability in training simulation. To solve
this problem, we recommend the Data Augmentation
to add and separate imbalance data that shown in pic
x (b) and pic x (b)

900 900
800 784 800 787 7847]8
700 700
600 600
500 500
400 400 352
323
300 287 300
200 200
100 16 100
21
0 cma
1 2 3 4 5 1 2 3 4 5
(a) (b)

Fig.2: Multi-Layer Perceptron Model.
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Fig.3: Multi-Layer Perceptron Model.

3. MODEL CONFIGURATION INCIDENT
DETECTION WITH IN DEEP LEARN-
ING METHODS

3.1 Deep Learning Process
Method

with MLP

Multi-Layer Perceptron (MLP) is a method devel-
oped from perceptron which is a simple structure be-
cause it has a single layer. Later, when computing
has evolved more and more, the ability to process has
been developed later. Perceptron to have more than
one layer or as multiple layers to be able to process
more precisely and have adopted MLP in processing
to classify the following types of process messages.

Parameterization is length of the sentence to be
tested is 45 words long. Therefore, the input param-
eter is set to 45 and in order not to overfit the model,
it has to add a dropout function of 0.2 to the number
of layers equal to 5 layers, the first 4 node members
of the hierarchy have 450 nodes per node hierarchy.
Linear function format and in the fifth layer, the last
layer has each layer and the last layer output is 2 for
specifying the traffic incidence, output is 5 for speci-
fying the pattern of functions. Incidence and output
are 3 for determining the severity of the incidence to
match the number of data segments to be divided It
has a function format as the Softmax.

x, —[ ]—J]
x —[]—O
X3 —»%—»O ”
Twitter X — _.Oi; %
E>xs —-I:I—.O @A
X —»I:I—»O
» -0/ U

Encoder
Input Layer

Hidden Layer
450 node
Dropout 0.2

Output Layer

Fig.4: Multi-Layer Perceptron Model.

with CNN

3.2 Deep Learning Process

Method

Convolution Neural Network (CNN) is a form of
neural network method, a type of process design al-
gorithms in order to be able to support a set of num-
bers. CNNs were originally designed to work with
image processing, which is actually converting RGB
color values to a set of numbers 0-255 and then taking
the set of numbers into the CNN model for processing.
Therefore, if a CNN supports processing numerically
converted images, then the CNN model can support
processing numerically converted text as well as above
is converts a message into a series of numbers, which
is similar to the MLP method, but CNN adds layers of
Convolution and Pooling to filter words by 4654 x45
dimension of filter (n x d) with n is number of word in
corpus and d is the length of filter that same with di-
mension of characterize the text to bring the result to
the last layer and output it as result Number of layers
equal to 5 layers, members in each node number 45
nodes in the first hierarchy. The second is the class
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of the convolutional layer has 250 nodes, the Linear
Function format is the third pooling layer, 250 nodes,
and the fourth and fifth layers have 2. The output is
5 nodes for specifying the pattern of incidence, and
the output is 3 nodes for indicating the severity of
the incidence, respectively.

input Filter _ Maxpogling output
= | =
30 - :
¥ :> = :> = 2 Class
= = |:> 3 Class
Ui M M 5 Class
wndn = = H
= H =
| Emdedding layer ‘ | Convolution layer ‘ | Pooling layer |

Fig.5: Convolution Neural Network Model.

3.3 Bi-LSTM Deep Learning Process

Long/Short Term Memory, or LSTM, is a popular
method for text processing or natural language auc-
tions because it employs a technique developed from
Recurrent Neural. Networks: RNN, which is unique
in that its time series, that is, LSTMs are able to
remember past words in a previous hierarchy longer
than RNNs in the future.

The LSTM has been developed further. Bidirec-
tional LSTM, unlike Bi-LSTM, can recognize both
forward and backward memory cells, whereas LSTM
can recognize only backward and for this research,
Bi-LSTM is used to process messages to classify the
type of incidence. The first layer is to create an Em-
bedding Layer as an output to Bi-LSTM, which has
dropout parameters to reduce the overfit of Trends for
the next level is the class that summarizes the classi-
fication to come out as a final answer. The number of
layers is equal to 4 layers, each member of the node
in the first layer has 45 nodes of the second hierarchy
which is the layer of Bidirectional LSTM has a total
of 90 nodes and adds 20% dropout functionality to
each layer. In the third hierarchy there are 50 nodes.
Linear Function layout and four nodes to sum values
as result and 2 nodes for incidence identification, out-
put 5 nodes for incidence pattern identification, and
output to 3 nodes for incidence severity level identi-
fication number.

Input  Emdedding Bidirectional LSTM

X (00000 m) (5™ (5™ |

Output

2 Class
3 Class
5 Class

Softmax Layer

e —-

Fig.6: Bi-LSTM Model.

3.4 Bi-LSTM Deep Learning Process

Past research has been processed by combining
CNN and LSTM. By passing parameters from the
CNN obtained from the convolution layer and im-
porting them into the LSTM layer and deciding the
prediction results with the Softmax layer for passing
the parameters to the model. The method presented
here differs from the previous CNN and LSTM meth-
ods. The first layer is an embedding layer with 32
dimensions. Convolution layer has 250 nodes and the
result is sent to the LSTM layer by specifying pa-
rameters. Enter a 32 dimension with a dropout set
to 20%. In the final layer, the results are aggregated
into responses by a dense layer. Output is set to 2
for incident detection messages, output to 5 for inci-
dent classification messages, and output to 3 nodes
for severity messages.

Emdedding layer Convolution layer Bidirectional LSTM

= Com) (5w ) (v

Output

w = (5™ LST™

wu

2 Class
3 Class
5 Class

Un

= o

Softmax Layer

= Lo o T

Fig.7: Hybrid CNN-LSTM Model.

4. EXPERIMENT
4.1 Assumption and Test cases

The experiment starts with data mining from
Twitter account that relate to traffic report which
are @js100radio, @Traffic 1197 and @fm91trafficpro.
The total data is 3363 messages from 5 February
2021 to 23 March 2021 then we classified data to 3
type which is “Incident identification” with consist of
Normal message and Traffic message, “Accident case”
with consist of Traffic, Incident, Disaster, Potholes
and Other and “Severity identification” with consist
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of Normal, Heavy and Standstill. We select Train-
Test split by 70:30 for machine learning which is the
best ratio of our raw data that does not overfitting
with high of train data that shown in Table 2.

Table 2: Comparison of DR with different ratio.

Ratio 1 2 3 4 5 6
Learning Ratio 50 60 70 80 90 95
Testing Ratio 50 40 30 20 10 5

DR (%) 81.00 | 81.34 | 81.87 | 80.30 | 83.93 | 85.71

The table 2 indicate that the ratio 90:10 and 95:5
is high accuracy, but it does not reflect the whole
message due to the less test data.

The experiment was setting by using Python with
Keras library in Tensorflow that processes to call
function for each model for example, modeling with
LSTM method by send LSTM parameter to Bidirec-
tional() function.

4.2 Performance Testing by K-Fold Method

After adjusting the parameters of the model to
make it ready for learning to model it. In order for
learning to bring distributed data to learn, the pro-
cess is to divide the data into subgroups (k-fold) and
bring the subgroups then come back and forth, also
known as “Cross validation” to find the mean of the ef-
ficiency of the learned model, in this experiment, the
data groups were divided into 10 groups, or k=10.
In each group, the values were randomly assigned to
avoid possible differences. Iterated and tested the
model’s learning performance for 10 cycles, with each
alternating cycle having a learning group picked up
and tested, with 70% learning group and 30% testing
data. With result in table 2 so, we select that ratio
for separate data.

4.3 Accuracy Measurement

To measure accuracy of incident detection, it can
be considered with two parameter which is DR (De-
tection Rate) that for measure correction of incident
detection (%). The calculation was shown in equa-
tion (1) with D,, is number of incidents that detect
by this method and D; is number of incidents of this
experiment.

D,
DR = — x 100 1
= )
In addition, the measure accuracy is FAR (%)
(False Alarm Rate). The equation was shown in equa-
tion (2) with Ny is number of messages that false alert
and V; is number of incidents in this experiment.

hf
X ( )

t

5. RESULTS
5.1 Results of the identification of traffic inci-
dents

Required to use the data in the test, 1010 data that
have already passed the data preparation process.

MLP in the MPL incidence classification test. In
the test with real data, the incidence detection ac-
curacy was 67.75% and the incidence detection error
was 32.25%.

CNN in the CNN method incidence classification
test, the incidence detection accuracy was 91.47% and
the incidence detection error was 8.58%.

Bi-LSTM in the LSTM method incidence classifi-
cation test with an incidence detection accuracy of
93.53% and an incidence detection result of 6.47%.

CNN+LSTM in the combining CNN method and
LSTM method incidence classification test with an
incidence detection accuracy of 94.06% and an inci-
dence detection result of 5.94%.

—acc
0.98 —val_acc
0.96
0.94
0.92

0.9
0.88

0 5 10 15 20 25 30 35 40
epochs

Fig.8: Incident Detection Accuracy of LSTM.

1

—acc

0.9 —val_acc
0.8
0.7
0.6
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0 10 20 30 40 50 60 70 80 90
epochs
Fig.9: Incident  Detection  Accuracy  of

CNN+LSTM.

5.2 Categories of incidents

For the data tested, there were 503 data, which
were only incidence text data.

MLP in the MPL method incidence classification
test. In the test with real data, the incidence de-
tection accuracy was 58.90% and the error incidence
detection result was 41.10%.

CNN in the CNN incidence classification test. In
the test with real data, the incidence detection ac-
curacy was 85.29% and the error incidence detection
result was 14.71%.
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Bi-LSTM in the Bi-LSTM method incidence clas-
sification test. The incidence detection accuracy was

84.65% and the incidence detection accuracy was
15.35%.

CNN+LSTM in the combining CNN method and
LSTM method incidence classification test. The in-
cidence detection accuracy was 84.58% and the inci-
dence detection accuracy was 15.42%.
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Fig.10: Incident Classification Accuracy of CNN.
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Fig.11:
CNN+LSTM.

Incident Classification Accuracy of

5.3 Incident Severity Determination Results

For the data tested, there were 503 data, which
were only incidence text data.

MLP in the MPL method incidence determination
test. The MPL method has an incidence severity ac-
curacy of 44.14% and the error was 55.86%.

CNN in the CNN method incidence determination
test. The CNN method has an incidence severity ac-
curacy of 93.24% and the error was 6.76%.

Bi-LSTM in the incidence severity determination
test the Bi-LSTM method, with an incidence severity
accuracy of 77.92% and the error rate was 22.08%.

CNN+LSTM in the incidence severity determina-
tion test the CNN+LSTM method, with an incidence
severity accuracy of 86.25% and an incidence severity
outcome the error rate was 11.70%.
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Fig.12: Incident Severity A5ccuracy of CNN.

5.4 Analyze the results of the experiment

In the test, results can be recorded to compare
the effectiveness of each classification model includ-
ing MLP, CNN, Bi-LSTM in incidence classification
and severity identification to determine their valid-
ity. Of the work after deep learning of each system
and a text-based test from Twitter for the classifi-
cation of 1,010 messages, incidence messages and in
1,010 there were 503 incidence messages to be tested
against classification and strength-identification pat-
terns. The results of the tests showed the overall
picture: the CNN-derived model test pattern had the
highest average accuracy rate of 93.53%. However,
when observed in the incidence classification, the in-
cidence classification model of only two groups from
the CNN-LSTM model had the highest accuracy of
94.06%. Need to Multi Class is a classification with
5 data groups and specifying severity with 3 data
groups. It can be seen that the model results ob-
tained from CNN are better, as detailed in the table
3.

However, we can use Data Augmentation to in-
crease accuracy by remove no meaning word and
adding to balance message. The result will show in
Table 4.

Table 3: DR and FAR of Deep Learning Method.

DR FAR
Activity ~ CNN CNN
MLP | CNN | LSTM LSTM MLP | CNN | LSTM LSTM
Detection | 67.75 | 91.47 | 93.53 94.06 | 32.25 | 8.53 6.47 5.94
Categories | 58.9 | 85.29 | 84.65 84.58 41.1 | 14.71 | 15.35 15.42
Severity 70.1 | 88.04 | 88.53 86.26 29.9 | 11.96 | 11.47 13.74
AVG | 65.58 | 88.27 | 88.90 88.30 | 34.42 | 11.73 | 11.10 11.70

Table 4: Increase Efficiency of Learning Simula-
tion.

NI SW MD | SWMD
LSTM | Patterns | 87.40 | 88.35 | 88.41 89.20
Severity | 90.07 | 90.50 | 90.78 90.87
CNN | Patterns | 84.70 | 85.05 | 87.22 87.89
Severity | 91.42 | 91.76 | 91.56 91.02
MLP Patterns | 54.34 | 56.56 | 58.12 57.44
Severity | 70.54 | 71.89 | 72.45 75.37
CNN+ | Patterns | 85.99 | 86.25 | 86.89 87.20
LSTM | Severity | 86.26 | 87.28 | 88.20 91.85
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As the data of the incidence verification test data,
the various methods can be shown to compare the ac-
curacy of the methods in the incidence examination
of various characteristics as shown in Fig.13, together
with the visual representation of the error values in
Fig.14. In the test results, it was found that by com-
paring the validity values of the three different inci-
dence detection methods, the Bi-LSTM model was
able to classify the occurrence of incidence. And the
best identification of violence and the CNN and MPL
methods have decreased accuracy respectively. At the
same time, the CNN method has the best classifica-
tion capability, the Bi-LSTM and MPL methods are
respectively decreasing in accuracy.

m Incident Detection m Incident Categories

u Incident Severity

88.53 84.58 86.26

84.65

Il 1l

ss 29 88.04
70 6775

DR (%)

94.06

LSTM CNN+LSTM

93.53

Fig.13: Detection Rate Comparative
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Fig.14: False Alarm Rate Comparative.

6. CONCLUSIONS

Traffic incident detection on Twitter social media
platform by detecting from a large number of tweets
via the Twitter API in this research the sample text
will be collected for review and detailed formatting.
By people who have expertise in traffic management
along with methods for preparing data with word fil-
tering, word wrapping, and word-to-numeric conver-
sion before being introduced into the deep learning
process. It includes MLP, CNN, and Bi-LSTM and
CNN+LSTM methods, using a three-method validity
comparison for traffic incident detection, Identifying

the type of incidence and identifying the severity of
incidents on Twitter in Thai.

The research will show that the development of an
incidence detection system. It is possible to choose
a method for detecting and discriminating various
forms of data effectively by co-processing between
methods. By learning CNN+LSTM with the best
incidence detection results with DR 94.06%, FAR
5.94%, while the CNN model of incidence was best
identified by with DR 85.29%, FAR 14.71% and Bi-
LSTM that well process on this pattern is the best for
severity of the incident was identified by DR 88.53%
and FAR 11.47%.

The experiment results indicate that for each
method of deep learning was proper with different
issues of incident detection therefore, the selection
method for solve the problem should be considera-
tion for work processing to find solution.
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