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ABSTRACT

Nowadays, highways are used as the main route for transportation. When incidents have
occurred on the highway such as accident or vehicle breakdown, it will affect the highway traffic
at that moment. Generally, people who occur an incident or affected will report to the responsible
department, but it takes a long time to solve and make traffic congestion. This system will monitor
the highways and alert to the responsible department when a highway incident has occurred.

Helping staff know the incident and get to the point quickly.
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2.1 RESTful API
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4.4.1 Speed Model
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M31AARITAIME W1 Speed Model ﬁ’ummmmaﬂwumsgﬁﬂqﬁamq Taglinadnsaiu

< < o &
AITNN 4.1 LDSAT1TNWNN 4.2 AU

A1519 4.1 Confusion Matrix Y990 UUIAA T BUDS Speed Model

wugay | True True False False
NANN Total
DU Positive Negative Positive Negative
1 YU 125 1,299,740 589 56 1,300,510
1 V1DDN 29 1,180,740 319 65 1,181,153
2 YN 45 1,336,153 185 11 1,336,394
2 V190N 22 1,289,227 133 39 1,289,421
7 YN 107 691,433 519 63 692,152
7 V198N 84 699,935 163 59 700,241

g

A1519 4.2 M Ialszansnmveslaavesauuiaas a18U99 Speed Model

v uUU NANIW Accuracy Precision Recall F1 Score
1 AR 0.9995 0.1751 0.6906 0.2793
1 V101N 0.9997 0.0833 0.3085 0.1312
2 YUt 0.9999 0.1957 0.8036 0.3147
2 V10BN 0.9999 0.1419 0.3607 0.2037
7 OARTA! 0.9992 0.1709 0.6294 0.2688
7 V199N 0.9997 0.3401 0.5874 0.4308
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4.4.2 Traffic Clustering
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wuemnsaasnumsinagliame Taolinadwinua1seh 4.1 uaza119i 4.2 Aail

1519 4.3 Confusion Matrix Y930UUIAAZ T 18UDY Traffic Clustering

wuwgay | True True False False
NAN Total
DUU Positive Negative Positive Negative
1 SRR 3,091,686 1,012,299 414,344 64,122 4,582,451
1 V109N 3,843,761 487,006 443,704 81,610 4,856,081
2 YU 2,103,488 1,008,072 390,498 69,206 3,571,264
2 V1ODN 1,921,531 1,009,077 460,912 32,653 3,424,173
7 SRR 451,352 424,738 84,877 76,698 1,037,665
7 V190N 373,121 91,840 30,669 25,379 521,009

U

A19519 4.4 M IalszanBnmvesluaaveInuuIAaz @18 U89 Traffic Clustering

v uUu NANY Accuracy Precision Recall F1 Score
1 WU 0.8956 0.8818 0.9797 0.9282
1 V190N 0.8918 0.8965 0.9792 0.9360
2 RS 0.8713 0.8434 0.9681 0.9015
2 V1DN 0.8559 0.8065 0.9833 0.8862
7 URILR! 0.8443 0.8417 0.8548 0.8482
7 V1991 0.8924 0.9240 0.9363 0.9301
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