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Industry 4.0 scenarios

M

Production

-]

Smart Homes

=

Railway

XAl - eXplainable Artificial Intelligence

= Business Prespective

= Blackbox Al creates business risk
for Industry

= Model prespective
= Debug (Mis-) Prediction

= Improve ML model
= Verify ML model

= Regularity prespective
= Fairness

= Privacy
= Transparency




HDD

health status assesment

[ Time to failure < x; ]
Hard drive ID | f; f, f, | Hour to failure \
Hard drive 1 1 value | value |......... value | 3 [ Time to failure <x ]
SMART data 1 value | value |......... value 2
1 value | value |......... value 1
_ 1 value | value |......... value 0
[ Time to failure < x, ]
. 2 value | value |......... value 240
. 2 value | value |......... value 239
Hard drive n 2 value | value |......... value 238
SMART data : : i
n value | value |......... value 2 .
n | value | value |......... value | 1 st A y
n value | value |......... value 0 m =S i =i ]
Hard drive health degree definition
Sequenﬁle i-th Sequence i-th
f f f Hs < > < i 5
1 | T n < > + Health level
P o - * |
atw value |value | .. ... .. .. value
t-w+l t-w+2 t X -
atw+l value |value | . ... .. .. value! a a a atw+l  gt-w+2
at™W+2 value |value | ... value - -
atl |value |value | ... ...... value
at value |value | ......... value
at*l  |value value | ......... value [ Health level ]

Sequence Extraction Step

Health Status assessment through LSTM

S e gt o0 o e

Health Level explaination through SHAP

.




HDD health degree definition

Hard drive ID | f; f, f, | Hour to failure
1 value value |......... value 3
1 value value |......... value 2
1 value | value |......... value 1
1 value value |......... value 0
2 value value |......... value 240
2 value value |......... value 239
2 value value |......... value 238
n value value |......... value 2
n value value |......... value 1
n value | value |......... value 0

[ Time to failure < x; J

N

[ Time to failure < x, J

Time to failure < x, J

Leaf node

g

Hard drive Good Status

Hard drive Failed Status

<

>

<

Very Fair

Warning

Alert

22d

10d

od

<

Hard drive Good Health

>

< Hard drive health degree deterioration >

Leaf node




Health status assesment through LSTM

Sequence i-th

f, | f f | Hs w
atw value |value | . ... . ... value
atw+l |value |value | . . . .. value
L atw+2 alue |value | value
atl |value |value | .. ....... value
Y
at value |value | . ........ value Hs(t)
attl  |value |value | ... ...... value || Hs(t+1) 1

o the classification network is implemented as two stacked LSTM layers with 128
units, followed by a single dense layer with number of units
equal to classes number, and softmax as a activation function
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Model| Accuracy|ACCq |ACCr |ACCLECOY|ACCLCF|FDR |FAR Model | Accuracy | ACCq | ACCp | ACCLO" | ACCECT | FDR FAR
CT [83.80% [83.87% |56.31% [95.63% |88.46% |63.58% |4.69% 97.01% | 97.01% | 58.94% | 99.09% | 85.77% | 84.16% | 1.00%
RF  [85.77% |85.77% |71.75%|93.68% |93.82% |80.66%]6.49% 98.13% | 98.13% | 59.44% | 99.82% | 85.65% | 85.36% | 0.40%
MNN (96.17% [99.15%139.78% [99.88% [69.20% |85.75% (0.95%| | MNN | 96.24% | 98.57% | 38.99% | 99.14% 69.59% 73.03% | 1.20%
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u et al. ulticlass 9% O1% 40% 4%
Zhang et al.[19] LPAT+AIll| 92.6% 89.3% | 88.7% Xuetal 4] | CRE 9957% | 2851% 1 99.59% T30%
Basak et al.[3] [LSTM — 84.35 | 72.0% Xuctal [4] | RNN 99.73% | 41.05% | 99.93% | 64.86%
Our Approach |LSTM 98.45% | 98.33% |98.34% Our Approach | LSTM 99.83% | 93.07% | 99.89% | 98.31%
f(}}en et all-[llj] gPI;F 94-893) 0-443 Xuetal[4] | Multiclass NN | 83.21% | 0.60%
Ziso o ar'[ }]1LSTM ;’g'gg; g'gg; Xuectal[d] | CRF 85.50% | 0.22%
1L SApproac bt Xuetal[4d] | RNN 87.79% | 0.004%
Liet al.[11] CT 9549% | 0.09%
Zhu et al.[12] | BP NN 94.62% | 0.48%
Shen et al.[3] | RF 97.67% | 0.017%
Our Approach | LSTM 98.20% | 0.20%
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Investigate the potential of Artificial Intelligence (AI) approaches in
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Vision-Based QObstacle Detection on Rail Tracks

@7 Understand to what extent it would be possible to adopt a single RGB camera (as the easiest, yet challenging, possible
scenario) and Deep Learning to detect any kind of obstacles on rail tracks.

Rails Detection

Input Frame

|

Rails Detection

post-processing

Object Detection Obstacle Detection

(9600 samples)

U-Net
Pre-training on RailSem19

Dice Score: 0.9993

Anomaly Detection Distance
Estimation

v

Obstacles (if any)
and Distance

Anomaly Detection

RoadRunner / Augmentations i @ Rails Detection’s Output + Augmentation

(9000 frames)

@- SSIM-VQ-VAE

Reconstruction (SSIM) Score: 0.9887
I]Hl]n maskMSE: 0.0346 (max 0.1852)
Detection Distance: 7o0m



Smart Maintenance at Level Crossings

Warning Bell Module

/7 Migrate from scheduled-based inspections and corrective maintenance @ AudioSet / YouTube (1180 samples)
@ to continuous monitoring and predictive maintenance of Level |
/'>

Crossings while leveraging cost-effective and non-intrusive sensors. :@- VGGish CNN

A5 VGGish’s weights (on YouTube8M)

- . Frame-Level Accuracy: 92.48%
Gb *_ Warning Bell Module | 1l Audio-Level Accuracy: 97.37%
. Warning Light Module | |
| B - Barrier Analysis Module
i g:—> y OLF ! ON »  Orchestrator T .
i ?i ! OFF ! ON i @ GTA V / Augmentations (17760 samples)
i %Di Level Crossing |
=i Barrier Analysis Module Status | @ YOLOvss
| &
S ?K; YOLOvs5s’ pre-trained weights
Bl —
| gl ﬂ”ﬂn mAP@.s:.95: 0.98738
Bl Miss-detection Rate: < 0.8 %
L - e — e e

Height




Thank you for
your attention!




