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Abstract The subway is a means of public transportation that plays an important role in the
transportation system of modern cities. However, congestion often occurs due to sudden
breakdowns and system outages, causing inconvenience. Therefore, in this paper, we conducted a
study on failure prediction and prevention using machine learning to efficiently operate the subway
system. Using UC Irvine's MetroPT-3 dataset, we built a subway breakdown prediction model using
logistic regression. The model predicted the non-failure state with a high accuracy of 0.991.
However, precision and recall are relatively low, suggesting the possibility of error in failure
prediction. The ROC_AUC value is 0.901, indicating that the model can classify better than random
guessing. The constructed model is useful for stable operation of the subway system, but additional
research is needed to improve performance. Therefore, in the future, if there is a lot of learning
data and the data is well purified, failure can be prevented by pre-inspection through prediction.
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HAiled 2de] g 2 HFS 8] UC Irvine
Machine Learning RepositoryollAl MetroPT-3
Dataset?l 25 51 A5t 215 AlA & ARSI
ot dojEols AF FU At 37 45719
APU(Air Production Unin)9] 94, 2%, LH AF 4

37) W] BE 2 S48 Rolrk SHoRE TR,
TP3, H1, DV_pressure, Reservoirs, Motor_Current,
Oil_Temperature, COMP, DV_electric,c TOWERS,
MPG, LPS, Pressure_Switch, Oil_Level,
Caudal_ImpulseZ FAE o] Qltt.

Table 1. Attribute Name

Attribute Name

Attribute Description
Sensor measurement time at 10

timestamp .
second intervals
- the measure of the pressure on the
compressor.
P3 the measure of the pressure
generated at the pneumatic panel.
the measure of the pressure
1 generated due to pressure drop when

the discharge of the cyclonic
separator filter occurs.

the measure of the pressure drop
generated when the towers discharge
DV_pressure air dryers; a zero reading indicates
that the compressor is operating

under load.

the measure of the downstream
. pressure of the reservoirs, which
Reservoirs .
should be close to the pneumatic

panel pressure (TP3).

the measure of the current of one
phase of the three-phase motor; it
presents values close to OA - when
Motor_Current it turns off, 4A - when working
offloaded, 7A - when working under
load, and 9A - when it starts

working.

. the measure of the oil temperature
Oil_Temperature
on the compressor.

- the electrical signal of the air
intake valve on the compressor; it is
active when there is no air intake,
COMP R -
indicating that the compressor is
either turned off or operating in an

offloaded state.

the electrical signal that controls the
compressor outlet valve; it is active
. when the compressor is functioning
DV_electric . .
under load and inactive when the
compressor is either off or operating

in an offloaded state

the electrical signal that defines the
tower responsible for drying the air and
the tower responsible for draining the
TOWERS humidity removed from the air; when
not active, it indicates that tower one

is functioning; when active, it indicates

that tower two is in operation




(Continued)
Table 1. Attribute Name

Attribute Name

Attribute Description
the electrical signal responsible for

starting the compressor under load by
activating the intake valve when the
pressure in the air production unit

MPG ) .
(APU) falls below 8.2 bar; it activates
the COMP sensor, which assumes
the same behaviour as the MPG
sensor.
the electrical signal that detects and

LPS activates when the pressure drops

below 7 bars.
the electrical signal that detects the

Pressure_Switch . . . )
discharge in the air-drying towers.

the electrical signal that detects the

. oil level on the compressor; it is
Qil_Level . S
active when the oil is below the
expected values.

the electrical signal that counts the

pulse outputs generated by the
Caudal_Impulse . .
absolute amount of air flowing from

the APU to the reservoirs
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Table 2. Attribute Name

Nr. | Start Time End Time Failure Severity Report
4/18/2020 | 4/18/2020 . ’

#1 Air Leak High stress
0:00 2359
5/29/2020 | 5/30/2020 . ’

#2 Air Leak High stress
23:30 6:00
6/5/2020 | 6/7/2020 . ’

#3 Air Leak High stress
10:00 14:30
7/15/2020 | 7/15/2020 | '

#4 Air Leak High stress
14:30 19:00
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Fig. 1. Logistic Curve
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11 Towers 1536088 pon-nul | Tloat)
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13 LPS | BIESE2 mon-nul | floatEd
|4 Pressure_seitch monenul | floatEd
15 Qi |eve moienul | TloatEd
16 Caucad_lspufzes r-iul | Pleated
dypest floatBdlns, 1. ohiect{1)

wemory usage: 106, T Iﬂ

Fig. 2. Data Information
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Fig. 3. Data Result
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Fig. 5. Confusion Matrix Heat-Map
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