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3. Model Summary
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3.3 DeeplLabV3

Deeplab &
deeplabv3.pyOilA =& ot

expanding path(decoder) +

ResNet, center layer= ASPP,

DeeplabV3 Z&Z implement2 &

V1, V2, V3, V3+ HX| & 4| Hol Z2H =FE ZEO
DeeplabV32

F202 LA, encoderf®&

decoder

UNet2}

HHEI|
HI=5HA

o
-

Ch 2 S0lM

contracting path(encoder),
Atrous convolution® X 8%t
2 interpolatingD} convolution layerE A&3tRALE,
UNet L40|A O 2HSH TRZ AN CHYF$H dilation rate

It convolution layere| 7§=& F7HAIZ| DA StRACE A2{Lt layerl| =8 S7HA7|= A2

overfitting2 Y& 7ts80| %1, overfitting2 Z|Ci$F batch normalizationt dropout2

2 XAt
Deeplabv3

INPUT

conv

Max[:ool

ResNet
}
ResNet
¥

ResNet
+

ResNet

L ASPP

[139] deeplabv3l| T+

Deeplabv32 UNet 21}

contracting pathO|A2| outputZ

layer(encoder layer) = rate2

Image

GT

0 0

20 20

=] 50 s 100 125

[1210] deeplabv3E 0|

OuUTPUT

;

conv

D

conv

D

conv

i

AR S HOIX| A A 2t

conv

Conv2d

BatchNorm2d
Relu

BasicBlock

ResNet

BasicBlock
BasicBlock

BasicBlock

.
.
.

BasicBlock

|

Convad

BatchNorm2d
Relu

INPUT
Conv2d Convad Conv2d
BatchNorm2d  BatchNorm2d  BatchNorm2d
Relu Relu Relu
| o
S
Relu
)
QUTPUT

OpEZER[2 contracting  pathdt  expanding pathZ  LbF[1

242 oEA FACh

expanding path2| outputO CFA| FOIFRUACE 2+ ResNet



3.4 limitation
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4. Results
train_loss | valid_loss |train_mloU | valid_mloU | best_mloU | test_mloU

UNet_L4 5473 459812 0.8594 0.2003 0.2067 0.192
UNet_L5 0.2714 88.3198 0.8854 0.175 0.1974 0.1858
Unet_L4_ASPP 3.7775 5.2179 0.8704 0.7469 0.7947 0.5884
Unet_L5_ASPP 1.0172 46.6497 0.8814 0.2163 0.2362 0.1933
Deeplabv3 151.6544 22.094 0.2035 0.1079 0.1885 0.1745
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