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Bark Identification Using a Deep Learning Model

Min-Ki Kim'

ABSTRACT

Most of the previous studies for bark recognition have focused on the extraction of LBP-like statistical
features. Deep learning approach was not well studied because of the difficulty of acquiring large volume
of bark image dataset. To overcome the bark dataset problem, this study utilizes the MobileNet which
was trained with the ImageNet dataset. This study proposes two approaches. One is to extract features
by the pixel-wise convolution and classify the features with SVM. The other is to tune the weights
of the MobileNet by flexibly freezing layers. The experimental results with two public bark datasets,
BarkTex and Trunkl2, show that the proposed methods are effective in bark recognition. Especially the
results of the flexible tunning method outperform state-of-the-art methods. In addition, it can be applied
to mobile devices because the MobileNet is compact compared to other deep learning models.
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Table 1. Comparison of deep learning models

Model Model Size Palr\;(;eotfers
VGG16 528MB 138,357,544
Resnet50 98MB 25,636,712
InceptionV3 92MB 23,851,784
InceptionResNetV?2 215MB 55,873,736
MobileNet 16MB 4,253,864




1136 ZEDICNES ==X M22#& XM10=(2019. 10)

& #lo]oje} A7t goloj= Helst
AL At Azt 2o 3715 gr|Ho g £
F3S zh=t)h MobileNetS ZEH 3} A3, F o]
ojoll Al =F wjx] AHEtel ReLU A4HS ARSI}

[
tlo M)
)
o
v
o
ol
N
Ho
ol
2
i)
B
av)
Ho
E .
o,
|
=
8

MobileNeto] AA ARl G2+ Table 29} 2t

w
N
+

lo o Omt

z

fo ox X
o U (S (N
it

N

o 9

[o

o QlAlZ 2|8t MobileNet
FAF A1HHHDCNN) =
S%9] HoEAEY Ha

FEE AMgsiE g w5
t}. ImageNet[21] H o] M E=
JE2 A E Ao old nsly 425 <14
Aol A de] AHgE o] BarkTex, AFF, Trunkl2

Table 2, MobileNet Architecture [20]

100

oy O

&}

fag
=
[e]

N

N77) 8
5k ofUjg 1
14 Azbol

5_]
oF 3t 7j

Type / Stride Filter Shape Input Size
Conv /s2 3x3x3x32 224x224x3
Conv dw/sl 3x3x32 dw 112x112x32
Conv /sl 1x1x32x64 112x112x32
Conv dw/s2 3x3x64 dw 112x112x64
Conv /sl 1x1x64x128 56x56%64
Conv dw/sl 3x3x128 dw 56x56x128
Conv /sl 1x1x128x128 56x56x128
Conv dw/s2 3x3x128 dw 56x56x128
Conv /sl 1x1x128x256 28%28x128
Conv dw/sl 3x3x256 dw 28%28x256
Conv /sl 1x1x256%256 28x28x256
Conv dw/s2 3x3x256 dw 28x28x256
Conv /sl 1x1x256x512 14x14x256
5 Conv dw/sl 3x3x512 dw 14x14x512
Conv/sl 1x1x512x512 14x14x512
Conv dw/s2 3x3x512 dw 14x14x512
Conv /sl 1x1x512x1024 Tx7x512
Conv dw/s2 3x3x1024 dw 7x7x1024
Conv /sl 1x1x1024x1024 7x7x1024
Avg Pool /sl Pool 7x7 Tx7x1024
FC /sl 1024x1000 1x1x1024
Softmax /sl Classifier 1x1x1000

oA ES Z7]= 9 el BHsict. o3 A
- HE 8ol Ag-E dlo]El7} B4 ©o]E(target
data)7} olUElgts &% HolHE FHE 7|&9
DCNN<& ©]83}H o] 8¢5 (transfer learning)©|
Y v A 2A(fine tuning)< B3 A4 E-& E7H o
2 sFAE 5 drh22, 23]

E Ao A= MobileNet2 o] &3 &
g8 vA 24& B3 73 A4S FPste T

|

7HA A2 A=A A HA 842 Fig. 1 Al

E4 S F4 %24 (Principal Component Analysis,
PCA)E 53 Y S Z4A7 F o] EZRE 1
E A7) At A A E ™Al (Support Vector
Machine, SVM)-& A&t} 7€ AFE([513,15]
W EAo =R £33 QA& Fdst=H vy, £
AT AE 2 olHY HoloEdA YEhE §F
E5 ol g3ty FF QAAE FAST dnkygo=
DCNN¢ ¢kzol Uetue= 4 u 573
oA o} - ke apde] EAS 2
= old v el EAS AY

& e gy F1k olF
z =1

l

lo
=

™
o N ox J

2 9

T

_?L

Ror
W

)
td

o2
o
8

2
oot x ©

2

vo o
o
3
o

2
v

o
d _l),

o
o o
N

i)
>
L
=)
X
=
N
oxl
i 2o R

4 0r e
N

o > &
fl 2 g
}‘Nﬁlrlﬂ
()

X
12 O_‘F'_,

o

$ L2

. ImageNet Hl°]EAE obilleNet-<
000712 Se2E 23

=49 ER FHHA

5}

b
O]

i}
32
N
i)
P
2

J
(L=
o o rtom
£

O
=

v
K
e
4
4
o
=)
i
>
),
of? A r
(S e
1>
2
2
o
e

18

5
2
"0,

b o ot
o
il
oy
=
9
i}

b

£

d
So

LT

%
o
a

2 o Ay o
oo oX M o

o
2y

Y
R

=
o
=
o
Z
o
lo
&
B
A
o

Conv1_Relu(112x112x32)

Conv dw1
7 | Conv pw1_Relu(112x112x64)
ﬁ}”"? # 8

224x224x3

56x56x64
56x56x128

7x7x1024
7x7x1024

. -»-

Fig. 1. Overview of the transfer learning using MobileNet,



Table 3. Architecture of the newly added back—end of
the MobileNet

Input 7 x 7 x 1024
Pooling Avg. Pool_size: 7 x 7
Flatten

units: 128,
Fully connected activation: ReLU
Dropout rate: 0.5

units: n_classes,

Full ted .
Wiy connecte activation: softmax
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