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= AIS (Automatic Identification System)
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Keyword
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Keyword

* GIN(Graph Isomorphic Network)
* GNNSUM EE XS Z6H| F22 = AE UEZE
~ “How Powerful are Graph Neural Networks?” (Xu et al., ICLR 2019) 0| A{ &

- O|RHEE aggregationot= $H0| SUM
- GCN2 Mean2 2 T 7| — {12} 2F{L122} EFE RS -
- GraphSAGEE= Mean, MaxZ &4 — {12331 2 &%
- GINZ2 SUMRZ T/ - FEREEFE s .

« WL H|A E (Weisfeiler—Lehman test)
- A= F W7 E2 FEEY) AUX| FHQS}H= Test

- 7|= GNNO| A (Mean) > LT A K| O|X=1, 0| R={2, 3}
|_> = E B AH7| T X=1, O| R={1, 4}

~ WLO| 3JA| Bt > A - hash(1,{2,3})="X" = )) T A shot

— yn |:|' =
SHAl B4 (THARM HIEH B > hashi1, 1,4)="Y WLTESTS} &

2.52 ZHO}E

Uy R
useN(v

Xt7| Feature 3 &




Keyword

WLRAH JoId

nyoeuesnd@)oeqry) deg

EERUEE-ET

* TPG — (Trajectory Polyline Graph)
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Introduction

= Q. raw AIS H|0|E{0]| Ship typeO| Y=C| 2} of
« Raw AIS H|O|E{S] Ship Type MEN H2 277t ASS

)) ME| 7t 3t abel 2 B 7| 0|2 &

Of| A| ALyl : B8t MHto| als =&

* => Ship Type MEE J0Z FHOE AESHK| 210, MarineTraffic-VesselFinder2t CHZESHY labelg RH 2|

= A2 CONTRIBUTION

(1yoeuesnd@)oeqly) deq WLRAH Joid



Related Works

* Machine Learning (Random Forest, Logistic Regression, Decision Tree)
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Methodology
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Methodology
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Methodology

= YA 2= REY (Trajectory Graph Modeling)
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Fig. 2. DTG, TPG, CDTG and MSTG graph structures of a ship trajectory.
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Methodology

= L & 1| X 2% (Node Features Extraction)
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Methodology
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Methodology
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Methodology

= Weighted Loss Function
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Experiments
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TABLE il TABLE IIT
COMPARISON OF PERFORMANCE AND EFFECTIVENESS OF DIFFERENT GRAPH STRUCTURES COMPARISON OF PERFORMANCE AND EFFECTIVENESS OF DIFFERENT GRAPH STRUCTURES

Train time  Inf speed Train time ~ Inf speed
(slepoch)  (graphs) Avg loss  Avg accuracy Graph Structure ~ Avg nodes  Avg edges (slepoch)  (graphis)

CDTG 785.51 375 8,623 0.1793  0.942+0.006 CDTG 656.04 171 9,815 0.1688  0.944+0.003
Gulf of Mexico MSTG 580.96 289.14 3.66 9.278 0.0704 094340004 New Jersey Bight MSTG 479.39 239.05 157 11427 01732 0.944+0.006
TPG 289.93 i 339 10,036 0.1620 0.948i0.004i TPG 230.19 i— 149 11,726 0.1635 0‘94&0.003”

Graph Structure ~ Avg nodes ~ Avg edges Avg loss  Avg accuracy
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Experiments
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| A

Heading difference
Mer 37| (#0|-F), 58H|, soc

=

Node weight, Distance interval

LF

X — Q3

x— Median

L ]
Mean
X — Q]
e

X
X

Feature contribution score

Lat SOG Beam Node weight Distance interval

Lon Length Aspect ratio Time interval Heading difference

(1yoeuesnd@)oeqly) deq WLRAH Joid



(myovuesndpoeqny) oeg wuaky Joid

Experiments
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COMPARISON OF MODEL PERFORMANCE AND
FRAMEWORK ROBUSTNESS (%)
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Accuracy  Precision  Recall  Accuracy  Precision  Recall
L
GCN 89.68 8936 89.68  90.54 90.76 9054 0 A| 2 0F. 95.02% | =X X| HIO|E: 95.21%
GAT 90.28 90.05 90.28 90.55 90.83 90.55
GraphSAGE 90.65 90.41 90.65 91.84 91.99 91.84
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Experiments
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Code Review

num_layers, hidden=64, mode='cat'):
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Code Review

, data.edge_index, data.batch

def _ repr_ (self):

return self._ class_ ._ name
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Limitation & Future work
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