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Product Identification System based on Image Feature

Similarity with Learning-free Model
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Recently, logistics centers attempts to get help from artificial intelligence robots with hard labor. To
generally perform picking task for robots, it is essential to detect and identify the product through
the camera. Supervised learning-based deep learning technology is suitable for recognizing objects
with high accuracy. But it has a disadvantage that requires a lot of time because a human must
manually label the answer of the train image. In this paper, we propose a method that minimizes
manual labor and makes it easy to add products. Our algorithm identifies the product with the
highest similarity by calculating the similarity between the features of the input image and the
features of the images in the product database. It does not require learning and labeling to identify
a new product. To verify it, we test the algorithm by photographing a test product images in an

environment that simulates a logistics site.
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Figure 1. Object recognition for robot picking tasks
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Figure 3. Similarity analysis using Image Hash
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Figure 7. Visualization of distance based similarity matching metrics
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Figure 10. Image preprocessing type of our system
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Figure 11. Experimental environment for data collection
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Table 1. Data statistics for AIHub product image dataset

Category — . Heights(3) + Angles(24)
Singular Plural
2} 1,693 121,896 121,896
OAE 77 5,544 5,544
5 208 14,976 14,976
4-&HMR 1,093 78,696 78,696
A e8F 1,112 80,064 80,064
EAES 736 52,992 52,992
A& 291 20,952 20,952
-5 1,130 81,360 81,360
ojoFe] F 203 14,616 14,616
o]/m]-§ 2,019 145,368 145,368
T 496 35,712 35,712
7 31 2} 508 36,576 36,576
TEH/4T 322 23,184 23,184
=l 392 28,224 28,224
Total 10,280 740,160 740,160
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Table 2. Structure of meta data for product database (data.csv)
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Table 3. Structure of meta data for test product dataset (test_label.csv)

id name product_id
0 FuhA 228 A2100G 30100
1 FohA 228 A 1élOOG 30100
2 Fer Az ol d g ol A g =F (') 65349
3 gz ol d g ol A %?i =45) 65349
4 LEZ 2 EFZ340G 15037
5 LEF7 2~ EF340G 15037
6 LF7IAEES 3711006 20298
7 LF7IAEES 3711006 20298
8 FAMNZSTERA (2 =EFY) 80213
9 R el ﬂl(ﬂ} =8y = ) 80213

Figure 14. Example of image in test dataset
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Table 4. Experimental results by image edging enhancing filter

ResNet ResNet + EfficientNet EfficientNet (Ours)
Top-1 Acc. | Top-3 Acc. | Top-1 Acc. | Top-3 Acc. | Top-1 Acc. | Top-3 Acc.
No Filter 51% 1% 60% 8% 53% 7%
Emboss Filter 59% 75% 54% 4% 58% 4%
Sharpen Filter 52% 69% 62% 7% 54% 2%
Random Brightness o o o 0 o 0
Contrast Filter 43% 62% 59% 5% 60% 76%
Emboss + o 0 0 0 0

Sharpen Filter (Ours) 53% 66% 54% 2% 58% 80%
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Figure 15. Example of results by ResNet and EfficientNet
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Table 5. Experimental results by similarity comparison metric

Emboss + Sharpen Filter ResNet ResNet + EfficientNet EfficientNet (Ours)
(Ours) Top-1 Acc. | Top-3 Acc. | Top-1 Acc. | Top-3 Acc. | Top-1 Acc. | Top-3 Acc.
Cosine Similarity (Ours) 53% 66% 51% 2% 58% 80%
Euclidean Distance 48% 60% 52% 1% 56% 7%
Manhattan Distance 50% 61% 54% 71% 55% 2%
Minkowski Distance 20% 30% 32% 46% 36% 51%
o] ¥ % o 7oA 7k

3) olmA a4l A4 W] M A

Table 6. Comparison experiment with Image hash

Model Top-1 Acc. Top-3 Acc.
Ours 62% 80%
Average Hash 0% 0%
Perceptual Hash 0% 3%
Diffetential Hash 1% 1%

<Table 6>& & =& AlZ=®F oju]x] HA 7]H<Ql olmA sjHete] Hwdyd Z3oltt. Ourse
<Table 4>¢| Top-1 & X%} Top-3 A& =] HUFS 7IEo =2 AUt olvA s+ 4% ArtA
o2 A3 G2 AL E BATE Top-3 A& =0l thdl Perceptual hash A8 Al 3%E, Differential hash
AHE AL 1% E BT o= Bl ZE o|u| A7t A& dlolE o] 29 ojm x| e} Hlwste] I HEHIAY, =3
o] BtA] o} AT EAES fFASHA 7] olEsle Zeolgt EHE Y. T onA A e AHE&s A
3 ojm A S FEE WA Ast] 5 BRI} Bol £4dH A, AMZE ojnA R A 1_1—5} HE-S A
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Test Image Image Preprocessing
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Figure 16. Experimental result for test images

4) Bl2E om o] AE A Az} B4

<Figure 16> B 2E &9 Thekgt ol mE A4F 28 A3 o Aot} <Figure 16> (a) &# 2
1 gkA7E & b Ask ek Bl Al AR o] AMEAN SR ZQL

S A B4 Ao SAH W W
i So] Feiskel 4o 4 FFHAT <Figure 16> (b= $2 ol EAE B 2ol Yha v

_52_



Jo] =3y dFz oz AHH
It} ol met s FFS
ATt ol= AFE fARRE A
4l =A7F A s A=7F vASHA
IT. <Figure 16> (d)= ‘&2 W&ol 7oA RAIN, &F vlo]EH o
FATE o= oW Al 54 F& Al §E Aato]l kst el =

Zgol golgS RFETh <Figure 16> (e)& FEFC] &3
Ra7F BolA ggob f4A T3] o Aol
AR1o] HZE ofw x| 9}t frAstH §-7]9]

32

gt ojmAle] EAo] gxHI] AwolE FEek F8 Az
<Figure 16> ()& & 3t & Azl HA<l
A E AT, 7+

A&

_O‘

iiv

o

=

ol

do m
o]

N

®

X

>

bt

o

ox

4

ki

ol

(e

ox

4

St

o

i

1>

(%

0 o

4 lo
o % rft fu

£ 0N oo e 8

e
2

o o
e
[o
L N N
LN
I
e
o
of
o
o
N
2
1
fu
0
:?L,
i)
o T

i

o &
[0 3@ rlo
o ;

oo HUorlr
o Bl

o ¥ M
o o
1>

e

0

oo o
)
ro

o

o M
>
ol

o & & o rr v

2

ofy
K3
B
= ol
o

XouE et N
=2
>

T
ol
el
N

N
"
R

E{E Bl
1o o>
W2 ”*E“
(g
o
N
ox

2,
32 2
N

o 2
o,
i)
2

2
~

e |
)

N

o

i}

o

o

=

d

[ M & o
S
o
E3
x O

F{E mlﬂl

o x4

A
o
A B9 FFo U 4AT AP AT

ol

ok

A

¢

2

ot

o
S

olN

1

ol

N
o

=2 s i v !

ol
:?g
ox
i
1o
o
=)
A
it
v
o2
o
-
b
2
>
b
of o
ofr
ol
s

o> I

rr
He
g 2

iy
fo
N
fo
o
fr
A
o
ol
i
2
30
N,
=)
A

. <Figure 16> (f)
= T8 &

F2Ql vEelgd ms} A 18 E

lo >.,ﬂ-110

i
° o
k)

o
o
=
1>
oL pE X ¥o

N
dEe EAol mig A =2

) =
Zlo] "dasl BTt <Figure 16> (g)& A A
&

o
o
o
£
o
R
o

A |
g O

ot

—;~
off o o W

>’ —D‘l

N

P T
o ox X |

o
=
e
=
ofo
i
lo
Jo
>
X,
o
o
r>~
o
=

o f Ho M SLood

o Hoxe

lo fo & o V
ox

o g.{l:l
[d
o
™ :
rlo
o
il
N
&)
|
()
o
=
S
e
2
i
|

td
O
ol
f
S
—r
[
v}
N
hy
ol
BN
i
32
N
R=
o
o
u
o U
X
i
i)

9
i
rf

o

SooX Qo
)
i)
fo
ol
ol
R
5

Ao S| e Ags] Hole ol Ul ol e}
e AA % ol A
S AL E Z el ofn
ofuer 2ol F WFolA A eYAY, W WAL 9
1ae AvE s

= A"l o] Aleko] 9o, dFeol A 3
|

k)
z,

tlo o> ofy
b L= N

e o
et >
At g o

o

=

rlr

e

k1

Ac)

A

oooX rl

L

O

>

lo

it
L
=

N

] %

ORI
ol
el

Bl

A
Jo

-

L HT oy

o[ m
tlo oX

M2

o X R A

fe 20 20 o
off
)
o
2
)
o,

o
o
ol
b
of
oM.
o
off

k)
0%
dgt
2
b1
o
i
o
)

>
1

ol

rlok

S AYol = BE 5T Holth FF
FAE B4 A B nshe] Ae
= o
P

B BEe AHnsne o



F3EH

Aggarwal, C. C,, Hinneburg, A., and Keim, D. A. (2001), On the surprising behavior of distance metrics
in high dimensional space, In International conference on database theory ., pp, 420~434, Springer,
Berlin, Heidelberg.

Buslaev, A., Iglovikov, V. I, Khvedchenya, E., Parinov, A., Druzhinin, M., and Kalinin, A. A. (2020),

Albumentations: fast and flexible image augmentations. Information, 11(2), 125.

Chapelle, O., Haffner, P., and Vapnik, V. N. (1999), Support vector machines for histogram-based image
classification, IEEE transactions on Neural Networks, 10(5), 1055-1064.

Choi, S. S, Cha, S. H., and Tappert, C. C. (2010), A survey of binary similarity and distance

measures, Journal of systemics, cybernetics and informatics, 8(1), 43-48.

Cunningham, P., Cord, M. and Delany, S. J. (2008), Supervised learning, In Machine learning
techniques for multimedia., pp, 21~49, Springer, Berlin, Heidelberg.

Deng, J.,, Dong, W. Socher, R, Li, L. J, Li, K, and Fei-Fei, L. (2009), Imagenet: A large-scale
hierarchical image database, In 2009 IEEE conference on computer vision and pattern recognition.,
pp, 248~255, leee.

Grover, A., Braeckel, P., Lindgren, K., Berghel, H., and Cobb, D. (2010), Parameters effecting 2D barcode
scanning reliability, In Advances in Computers ., Vol, 80, pp, 209~235, Elsevier.

He, K., Zhang, X, Ren, S, and Sun, ]J. (2016), Deep residual learning for image recognition,

In Proceedings of the IEEE conference on computer vision and pattern recognition., pp, 770~778.

Hennig, C. (2020), Minkowski Distances and Standardisation for Clustering and Classification on
High-Dimensional Data, In Advanced Studies in Behaviormetrics and Data Science ., pp, 103~118,
Springer, Singapore.

Jia, W., Zhang, H., He, X, and Wu, Q. (2006), A comparison on histogram based image matching

methods, In Proceedings-IEEE International Conference on Video and Signal Based Surveillance 2006,
AVSS 2006.

Karabegovi¢, 1., Karabegovi¢, E., Mahmi¢, M., and Husak, E. (2015), The application of service robots

for logistics in manufacturing processes, Advances in Production Engineering & Management, 10(4).

Keogh, E. ]J.,, and Mueen, A. (2017), Curse of dimensionality, Encyclopedia of machine learning and
data mining, 314-315.

Li, S, Kang, X., Fang, L., Hu, J., and Yin, H. (2017), Pixel-level image fusion: A survey of the state of
the art, information Fusion, 33, 100-112.

Qin, X., Zhang, Z., Huang, C., Dehghan, M., Zaiane, O. R., and Jagersand, M. (2020), U2-Net: Going

deeper with nested U-structure for salient object detection, Pattern recognition, 106, 107404.

Rennie, C., Shome, R., Bekris, K. E., and De Souza, A. F. (2016), A dataset for improved rgbd-based
object detection and pose estimation for warehouse pick-and-place, IEEE Robotics and Automation
Letters, 1(2), 1179-1185.

_54_



Ronneberger, O., Fischer, P., and Brox, T. (2015), U-net: Convolutional networks for biomedical image
segmentation, In International Conference on Medical image computing and computer-assisted

intervention., pp. 234~241, Springer, Cham.

Sarabu, H., Ahlin, K, and Hu, A. P. (2019), Leveraging deep learning and rgb-d cameras for
cooperative apple-picking robot arms. In 2019 ASABE Annual International Meeting ., pp. 1,

American Society of Agricultural and Biological Engineers.

Shorten, C., and Khoshgoftaar, T. M. (2019), A survey on image data augmentation for deep
learning, Journal of big data, 6(1), 1-48.

Singh, K., and Kapoor, R. (2014), Image enhancement using exposure based sub image histogram

equalization, Pattern Recognition Letters, 36, 10-14.

Singhdong, P., Suthiwartnarueput, K., and Pornchaiwiseskul, P. (2021), Factors Influencing Digital
Transformation of Logistics Service Providers: A Case Study in Thailand, The Journal of Asian

Finance, Economics and Business, 8(5), 241-251.

Tan, M., and Le, Q. (2019), Efficientnet: Rethinking model scaling for convolutional neural networks,

In International conference on machine learning,. pp, 6105~6114, PMLR.

Wang, X., Pang, K, Zhou, X., Zhou, Y., Li, L., and Xue, ]. (2015), A visual model-based perceptual
image hash for content authentication, IEEE Transactions on Information Forensics and
Security, 10(7), 1336-1349.

Zaitoun, N. M., and Aqel, M. ]. (2015), Survey on image segmentation techniques, Procedia Computer
Science, 65, 797-806.

Zauner, C. (2010), Implementation and benchmarking of perceptual image hash functions.

Zhuang, C., Wang, Z., Zhao, H., and Ding, H. (2021), Semantic part segmentation method based 3D

object pose estimation with RGB-D images for bin-picking. Robotics and Computer-Integrate

d Manufacturing, 68, 102086.

_55_





