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Knee's X coordinates for time (48]

— Left Knee ¥ [Limg] .2
10004 — fight mnnxu.p:m 2600
—— Left Knee X [Normal]
s004 —— Tight Knee X [Normal] 25004
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Figure12. <Knee’s X Data> Figure13. <Knee’s Z Data>
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Table2. <A & 58 F244 374>

Feature Fo 7149 (a=0.01) FoA
Velocity 260.89 6.63 a2 gol
Ankle Z Gap 1325.80 6.63 [EEE]
Knee Z Gap 870.33 G.63 e
Ankle-Foot X Gap 108.16 6.63 oj$ f-2
Average Delta Angle 32467 6.63 e
« M8 5| YE S5 2 Feature Weight AH|4F
Velocity (wy) @ —0.2133 Ankle-Foot X Gap2 4% 3| & £35F Feature Weight

Ankle Z Gap () : 0.7017 A4rg E3t% S 0| HE5tA| o2 Feature® Y5
Knee Z Gap (wy) : 0.328 '
| Ankie—Foot X Gap () : 0.0342 |

Average Delta Angle (wj) @ —0.3918

Velocity, Ankle Z Gap, Knee Z Gap, Average Delta Angle
4712|9] Feature AHS

12

54




2021 chgrerH B gatete| R shar3

{u erepryera

- FA| 2 A|ZH0 T3 APelvis,©] BS B ATIO2 Lk U SEZ AL
- Baare] AIHH 30| 2 Taf5t7| 9 0| 2 BHAte LRlZ0|2 HEE

- B3 4E S49| A4 BY

Tii, APelvisy, . .

Ti
Subject!s Leg Length,_, %

Velocity; =

1

Figureld. <Velocity>

{u erotyera
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—EE 2d2 MY oY 2, 22 AY 3|4 L, M SVM 2, kernel SVM 2 | Decision
Tree Model, Random Forest 2%, KNN 2%, ANN 2@ 2 133t 5 ZF 2 27|9] 52 H|1L

- Training Data: 4 234 9074 | A =38 907}
- Validation Data DA H3l 3074 | B2 E3H 307
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Figurel8. < Classifier Architecture >
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Table2. <Classifier Performance Comparison>
Classifier Train Accuracy | Validation Accuracy Test Accuracy mAP
Linear Regression Classifier GB.89% 08.33% HO.80% T6.36%
Logistic Regression Classifier 99,44 % 100% 83.45% T9.09%
Linear SVM 99.44% 100 % 85.55% 81.40%
Gaussian Kernel 5VM 23.89% H3.43% HO.65% To.84%
Decision Tree Classifier 100% 100% 91.14% 87.55%
Random Forest Classifier 100% 100% 91.14% 87.65%
KNN Classifier 105 1005 T8.79% T4.003%
1-Layer ANN Classifier 99.44% 100% T6.46% T1.88%
2=Layers ANN Classifier 99.44% 100% H2.05% T7.59%
3-Layers ANN Classifier 83.89% 83.33% 90.91% 87.48%

m) 7t £27|0j| A Hyper-parameter® R 87t A Test Dataset Accuracy® 7| =2 2

Best Performance® 7|23t 2
18
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Tabled. <Best Performance Hyper—parameter for each Classifiers>
Classifier

Linear Regression Classifier

Hyper—parameter

Logistic Regression Classifier 21=10.025
Linear SVM 1=02
Gaussian Kernel SVM A=10, y =0.01

Decision Tree Classifier Not relevant for Hyper—parameters

Random Forest Classifier

KNN Classifier

Impurity = Gini, Nestimators = 10

Distance Measure = Manhattan Distance, Nneighpor = 1

optimizer = SGD, learning rate = 0.001,
number of nodes on Ly = 12,

momentum = 0.9,
number of epochs = 20

1-Layer ANN Classifier

optimizer = SGD, learning rate = 0.001,
number of nodes on L, = 4,

momentum = 0.9,
number of nodes on L, = 12, number of epochs = 20

2—Layers ANN Classifier

optimizer = SGD, learning rate = 0.0005,
number of nodes onL; = 16,
number of nodes on Lz = 16,

momentum = 0.9,
number of nodes on L, = 12,
number of epochs = 10

3—Layers ANN Classifier

I overfitting %212 %t 74| MR{0|E{O| T, yi= 74| 29| 272 A 3510} HHEAS FH5H= Li2f0|ef
19
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- B2§IR| &2 HO|E 40| A= Decision Tree/Random Forest, 3-Layers ANN
Do H|AE 450| Bf 7|5 2o HlsH <A
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1544, (2008). Y 4 HYY B9 #59 £5 254 £4] (pp. 29).
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-

— [2]Conrad S. Tucker, Ishan Behoora, Harriet Black Nembhard, Mechelle Lewis,

Nicholas W. Sterling, Xuemei Huang, Machine learning classification of
medication adherence in patients with movement disorders using non—
wearable sensors, Computers in Biology and Medicine,Volume 66, 2015, Pages
120—134, ISSN 0010—4825
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Figld. H217] OJ40&0 ABE HI2AZ. BESE RandomForest, Support Vestor Machine, XGBoost
- SH2I7IX| AF 6t H0|Ef T YS RandomForest, Support Vector
Machine, XGBoost M| ¥ 12|ZC 2 HiHAH| O|M0|S ZIHE 3.

- 0| ZGI0|E MESQ #Z HIO|E MEE 8:22| HISZE LIF0{A T,

- 0% 0j59] d52 Ht6l7| et XIEZM, ESWB(Confusion Matrix),

HetT(Accuracy), MUT(Precision), M8 E(Recall), F1-ScoreS AME.

Fig1b. ESWH(Contusion Matrix)

HET (Accuracy) = %
MU (Precision) = m
E(Recall) = ﬁ

Precision x Recall
F1-Score =2 x Precision 4 Recall
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Condition Formula e Stage | Evaluation Counterplan Slfvn;f
Only upper USL — Mean Cp=1.67 Level 0 Very Cost Reduction | Level5
. — Sufficient
standard limit 30 —
1.67>Cp=1.33 Level 1 Sufficient Keep Status Level 4
Only lower Mean — LSL 1.335Cp21.0 | Level 2 | Suitable Mgmt”““g Level 3
. —_— rocess
standard limit 30 I
1.0>C,>0.67 | Level 3 Poor mprove Level 2
Management
Both upper, lower standard USL — LSL ;
limit 60 0.67>Cp Level 4 | Very Poor ?ncxyel:;?;gzzzlrf Level 1
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Random Forest Support Vector Machine XGBOOST
- Random Forest, Support
Confusion Matrix True False True False True False Vector Machine, XGBoost
MIZEX| L02|F ZF0A
True 168 0 168 0 168 567 99%0JAto] Matz= Kol
False 0 93,333 0 93,333 0 92,766 =
- Hel7|9] Z2 NHH0[EIE
Accuracy 1.0000 1.0000 0.9939 8 2&sk= A0| Q%
RecallZt0| Ml 12|15
Precision 1.0000 1.0000 0.2286 DE0|M 100%E 7|25t He
e Qoln|5t X|EY.
Recall 1.0000 1.0000 1.0000 * RAlle Ee
F1-Score 1.0000 1.0000 0.3721

Tabled. BiEIEH| 01L08S 2T

13

Cp Count Stage Ratio
Cp = 1.67 261,391 | Level O
Stability | 99.47% |
1.67>Cp=1.33 17,632 | Level 1
1.33>Cp = 1.0 424 Level 2 B
Caution 0.16%
1.0> Cp = 0.67 24 Level 3
0.67 > Cp 1,032 Level 4 Danger 0.37%

Tableh. HEEH SHEHS 21

T3] R4 / THOR B3 20|
OfL2} KTt KXol 22 SI3)
3Y5ARLE £Y.

OEH7St 1EAIE OF * A, 2Eb2t
3EPAE S0 B, 4TS U " Nej2
7EoI%S

obs MERS| A2 99.47%, F9| AEHS 2
0.16%, A e 22 0.37% 227t
HEEUS

ZOIMEHRt HAMERS| 301 0.53%= A
DEE010.18%E Z&lotR 2, Q0|6
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Automobile collision detection technology can be used for automatic brake operation and emergency
structure through combination such as E-call

ex) E-call service (Emergency call service)

B%E b)

01 02 03

: o Deliver the accident situation to
Vehicle collision occurrence Contact related

Eeollislon desaction the control center through e-call organizations(112, 119) and

) t.ermina.l or smartpl:mne dispatch to the accident site
& Critical accident or accident type

= are automatically determined
=H:eTm
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Car accident detection using video data (Crashcatcher)

+ The video is processed as a frame and a three-dimensional RGB video is converted into gray scale to reduce the number of dimensions
of each image.
*  Hierarchical Recurrent Neural Network, HRNN

Ittps:/github.com/rwhkS06 CrashCatcher

unisT 20214 CHEIORH A G 183 B a3l FIRST IN CHANGE

Car accident detection using audio data (Crashzam)

* To distinguish the collision situation and the sound before and after the accident, two models of time and frequency features and
spectrogram Image are used to determine whether the accident has occurred or not.
*  Random forest classifiers

7

g 2

1"_.'! Thos s

' 5 (¢) Tire skidding

B G
;LF

Time e

{a) Crash

(e} Car horn (f) Radio Music {g) Harsh acceleration
Figure 3: Example of spectrograms with constellation of peaks.

Sammarco, M., & Detyniecki, M, [2018}. Crashzam: Sound-based Car Crash Detectian. n VEHITS [pp. 27-35}
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Multimodal learning

—
*+ The performance of the model is improved by combining several types of data with different characteristics collected in one resource.

+ e.g., Speech classification using visual and auditory data

e i Aud iver Video

Lo i D0+ 00| [O0 s 00|

0]

|00« 00|
t t [ ! ee] (ee 1 09
D [@9...00) (@060 v )
— " Shared
‘[ CLRT T @@ +++ B0 | Reprosentation
{ ae b "
| indvidual model | [@0-. 00 (ee...00] (89..00)
A p—
(@@ .. 08] 00w 00| (80 80|
Feature extraction | | Video Ingut Audin Input Videa Input
] T {a) Video-Only Deep Autoencoder (b} Bimodal Deep Autoencoder
Modalityl | - | ModaltyN |
Accuracy Accuracy
Feature Repr i (Clean Audio) | (Noisy Audio) |
Multimodal learning | () Audio RBM (Figure 2a) . 95.8% ThER £ 20% |
(b Video-only Deep Autoencoder (Figure 3a) B8.TH 63,75
{¢) Bimodal Deep Auoencoder (Figurs 3b] | w0 TT.3% £+ LA%

Mgiam, |, Khosla, &, Kim, M., Nam, 1, Lee, 4., & Ng, A.Y. (2011). "Multimoda! deep learning . In Praceedings of the 2&th international conferance on machine learning {ICML-11} {pp. 689-556).150 890
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Idea

+  Existing vehicle collision detection models detect vehicle collisions using only one type of input data among sound, image, and sensors.
*  Itis expected that there will be a high need for a new model to detect vehicle collisions based on various types of data.

“Crash”
Dashcam video
Or
“No Crash”
Dashcam souﬁgspectrogram
UnisT 2021 CHSMORH EH eS| RS E R FIRST IN CHANGE
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Proposed model

() f : N
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§ Rawado 3 ‘ . E g g g i :
!‘ Translormed 1a Mel-spechragram 3/|
Overview of this research
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Weighted average ensemble

* Contribution of each base deep learning model to the final prediction is weighted by the performance of the base deep learning model
on validation data

*  Weights indicate the percentage of trust or expected performance from each base deep learning model

.Wi . ?.1 + W: » ?2 + veas Wy » )“n — Y

Weighted Average Ensemble Architecture
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Experiment results
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