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Background

= Vessel destination prediction
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Background

= CNN (Convolutional Neural Networks)

CNN2 O[0[X[0lM St HE XS = F55

22 fully connected layerE X X|SXO =2 2} S A 0| CHSH 0f| =

O|O|X[2Z Hekst £, CNNZ 7|82

A»,/x L —
===/
SR

==X

Convolution+ReLU Convolution+tReLU Convolution+ReLU Convolution+ReLU
1

| @Feature Maps |

(proeuesnd@)aeqry) oeg waAH Joid



Reshape:C X HW:
[@ Multiplication @ Addition @ Concate @Spatial Refined ]

Attention2

—
—

Ct.

o [I2}A Attention

« Attention2
o O] =20\

Background

= Attention

Prof. Hyerim Bae (hrbae@pusan.ac.kr)



(proeuesnd@)aeqry) oeg waAH Joid

Related work

= Clustering-based methods
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= Learning-based methods
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Methodology

= Overview
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Methodology

= Trajectory image rasterization preprocessing
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Methodology

= Multi-scale attention mechanism
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Methodology Code

class MultiScaleAttention(nn.Module):
def __init_ (self, channels):
super().__init_ ()
self.conv_main = nn.Conv2d(channels, channels, kernel_size=7, padding=3)
self.conv_down = nn.Conv2d(channels, channels, kernel_size=7, padding=3)
self.conv_up = nn.Conv2d(channels, channels, kernel_size=7, padding=3)
self.fc = nn.Linear(channels, 1)

forward(self, x):
f1 = self.conv_main(x)

x_down = F.avg_pool2d(x, kernel_size=2, stride=2)
f2 = self.conv_down(x_down)
f2 = F.interpolate(f2, size=x.shape[-2:], mode="bilinear", align_corners=False)

= F.interpolate(x, scale_factor=2, mode="bilinear", align_corners=False)
f3 = self.conv_up(x_up)
f3 F.interpolate(f3, size=x.shape[-2:], mode="bilinear", align_corners=False)

al = self.fc(F.adaptive_avg_pool2d(f1, 1).flatten(1))
a2 = self.fc(F.adaptive_avg_pool2d(f2, 1).flatten(1))
a3 = self.fc(F.adaptive_avg_pool2d(f3, 1).flatten(1))

alpha = torch.softmax(torch.cat([al, a2, a3], dim=1), dim=1)

out = (
alphal:, @l.view(-
alphal:, 1].view(-
alphal:, 2].view(-
)

return out
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Methodology Code

class MultiScaleResidualUnit({nn.Module):
def __init__ (self, channels):

super().__init_ ()

self.conv7 = nn.Sequential(
nn.Conv2d(channels, channels, kernel_size=7, padding=3),
nn.BatchNorm2d(channels),
nn.ReLU(inplace=True)

)

self.conv3 = nn.Sequential(
nn.Conv2d(channels, channels, kernel_size=3, padding=1),
nn.BatchNorm2d(channels),
nn.ReLU(inplace=True)

)

self.attn = MultiScaleAttention(channels)

self.fuse = nn.Sequential(
nn.Conv2d(channels % 3, channels, kernel_size=1),
nn.BatchNorm2d(channels),
nn.ReLU(inplace=True)

forward(self, x):

7 = self.conv7(x)

f3 = self.conv3(x)

fa = self.attn(x)

y = self.fuse(torch.cat([f7, f3, fal, dim=1))
return x + y
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Experiment

= Evaluation of classification prediction performance
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Experiment

= Evaluation of classification prediction performance
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Experiment

= Evaluation of classification prediction performance
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Experiment

= Evaluation of classification prediction performance
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Experiment

= Evaluation of classification prediction performance
o gt 71k A3t Aol o] SHU~E 27 dS50| A LIEILIH, =X 10& 5km 22
OlM 7}% =2 Precision-Recall-F1 22 E2QIC}.

HICHZ E=2F AJZH0] O BEO| Ot QUALL SRtofl M BO{E+E 450] FXt Z425HH, £35] 60 km 7Z[0f|A]

g=te 7t 02 SOFEICY.

lo] E£213 XIX|St, B H2lojAl OFx! 28 3
2{L}X| k7| mj=2o|Ch,

Precision Recall F1 T Precision

30 60 ' | 10 ' 30
Minutes Kilometers




(proeuesnd@)aeqry) oeg waAH Joid

Limitation
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Limitation
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Future work
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