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[Abstract]

Doodles, often possess irregular shapes and patterns, making it challenging for artificial intelligence to
mechanically recognize and predict patterns in random doodles. Unlike humans who can effortlessly
recognize and predict doodles even when circles are imperfect or lines are not perfectly straight,
artificial intelligence requires learning from given training data to recognize and predict doodles. In this
paper, we leverage a diverse dataset of doodle images from individuals of various nationalities, cultures,
left-handedness, and right-handedness. After training two neural networks, we determine which network
offers higher accuracy and is more suitable for doodle image prediction. The motivation behind
predicting doodle images using artificial intelligence lies in providing a unique perspective on human
expression and intent through the utilization of neural networks. For instance, by using the various
images generated by artificial intelligence based on human-drawn doodles, we expect to foster diversity

in artistic expression and expand the creative domain.
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I. Introduction
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II. Related Works

1. Image Analysis Using CNN
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Fig. 2. Schematic Diagram of Sketch—RNN [7]
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Fig. 3. Example of The Result of
'Magic Sketchpad Game' [9]
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3. Thresholding

A A1 E2Y(Thresholding)& Hfo]i2] o]u]x]Z gte
= 7P chEAl lolck. vlolufa ofulxlzt 2(0)u
(255)0.20t F35H= o|u]|x|= ou|dtt}. = AHA|EY
° ojg] k2 ol YARES 71x02 slof £ 7ix] BE
2 Ukt we oujgich AeaE9e 58 ulolue)

oDIAIE Bre BAS wEI AN sk T o
ofs wjzhy olg rske o gt AN ELL Aol
AHA2Y(Global Thresholding)y} A-&d AdA|EH

(Adaptive Thresholding) & L{drt.
(1) Global Thresholding
Hol AAEge B9 olulx|S 13| o|Xlstshe

g 4%}@} grAl[10]0.2 o|ujx]e] RE mWAlo] Zlst o

Zro] x|Ast

LIy
e s
TGS W,

OPENCV
THRESHOLD=127

Fig. 4. As a Result of Global Thresholding of
Gradient Image With OpenCV (Threshold : 127)
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III. Data Preprocessing
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Fig. 7. Sample Data of a Headphone, Eyegalsses,
Envelope (Left to Right) From The Training Dataset.
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Table 1. The Chosen Classes From The Datasets
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ﬂ Apple m Bowtie 'ﬁ Candle
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= Guitar Ice Cream ‘% Lightning
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3. RNN (Recurrent Neural Network)
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IV. Experiment
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Fig. 12. Learning Results of RNN (Epoch 100)

3. Predict
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Fig. 13. Probabilities of Predicting Class—Specific Doodle Images in CNN and RNN Models.
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Fig. 14. The Preprocessing Steps for RNN Model
Prediction of Doodle Images.
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15. Probabilistic Prediction of Class—Specific Doodle Images Using CNN and RNN Models

with Enhanced Data Preprocessing.
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V. Conclusion

& v d5As0l HA AAIXIE Zohd s
A5Z 4 A=Al 245171 ¢48, CNN, RNN 7|8F =rio]
d52 vlustY

@k 100¥9] Epoch Z71ojA] 108sHOM}
NNojAo] 45 tlo]E o tigt A5 =
F0.3% £olth YA AR o5 el
% AolA 18719 2A1X] & 15718 o5
She Aol destal, o5 &=+ RNNo|] CNNEC
o 23l Fils ), 2 g
NNO] =2

of AF8= CNNz} R 352 SARHA|EE CNN2 ¢
A YA AAR|Q] HAS Fof| o &S5t Aol S
710ll, 2AIX7F B YUA] o|u]R|S ERFok= Ao A5t

c}. gielo] RNNE WA] ofojal S 2AbEQl AR dlole]
BAlo2 AMejstel ofSsks 2ol o] Qlof, AAREe.
2 A olollg ootz 20l Aol

al (’ﬂ?ﬂ%
Soll e

70] Jfoﬂ H|gf ojFA|, 5
FYCEMN o 7FsoH & & ot
2710 2 =FolA= UAQ] ohfst E/do] Qe
Draw!’ glojelAls &8sto], YA o]OjX] oS ’?_]73'30}
2 A
ol

J‘#“>

[_
o
=
a
2

2 R8sk M2 AT WA ARSI ol24 Thy
94 ofulx] &g A%

o a7l m 52 43
52 ik Eat, dole] Axal wol it e
Potol WA FehA oI5 5wt o2 Azt

Ale =
o #lW A=g ofslste AFAlEOl HA 2AIRE

I5t= ol

R

_r&l‘

goeK o] S5 WIS ATY 4 Ut ol

PR ol gorel Tlopy g REsly e
224y 4 9e Ao Y
REFERENCES

[1] J. W. Kim, P. K. Rhee, “Image Recognition based on Adaptive
Deep Learning”, The Journal of The Institute of Internet,
Broadcasting and Communication (IIBC), Vol. 18, No. 1, pp.
113-117, Feb, 2018. DOI: 10.7236/J1IBC.2018.18.1.113

[2] CVML Team, “An On-device Deep Neural Network for Face
Detection”, Apple Machine Learning Journal, Nov, 2017. https:/
machinelearning.apple.com/research/face-detection

[3] G. Kristine, J. WoMa, E. Xu, “Quick, Draw! Doodle Recognition”,
Stanford University, 2018.

[4] N. K. Lee, J. Y. Kim, J. H. Shim, “Empirical Study on Analyzing
Training Data for CNN-based Product Classification Deep

Learning Model”, The Journal of Society for e-Business Studies,
Vol. 26, No. 1, pp. 107-126, Feb, 2021. DOI: 10.7838/jsebs.2021.
26.1.107
[5] X. Sun, L. Liu, C. Li, J. Yin, J. Zhao, W. Si, “Classification for
remote sensing data with improved CNN-SVM method”, IEEE
Access, Vol. 7, pp. 164507-164516, Nov, 2019. DOIL: 10.1109/
ACCESS.2019.2952946
[6] G. Wang, S. Y. Shin, W. J. Lee, “A Text Sentiment Classification
Method Based on LSTM-CNN”, Journal of The Korea Society
of Computer and Information, Vol. 24, No. 12, pp. 1-7, Dec, 2019.
DOI: 10.9708/JKSCIL.2019.24.12.001
[7] D. Ha, D. Eck, “A Neural Representation of Sketch Drawings”,
arXiv preprint arXiv:1704.03477, May, 2017. DOL: 10.48550/arX
v.1704.03477
[8] M. Schuster, K. K. Paliwal, “Bidirectional recurrent neural
networks”, IEEE Transactions on Signal Processing, Vol. 45, No.
11, pp. 2673-2681, Nov, 1997. DOIL: 10.1109/78.650093
[9] L. Zhou, “Paper Dreams: an adaptive drawing canvas supported
by machine learning”, Diss. Massachusetts Institute of Technology,
Jun, 2019. DOI: 1721.1/122990
[10] R. Firdousi, S. Parveen, “Local Thresholding Techniques in Image
Binarization”, International Journal Of Engineering And
Computer Science, Vol. 3, No. 3, pp. 4062-4065, Mar, 2014. DOL:
10.18535/1jecs
[11] N. Otsu, “A Threshold Selection Method from Gray-Level
Histograms”, IEEE Transactions on Systems, Man, and
Cybernetics, Vol. 9, No. 1, pp. 62-66, Jan, 1979. DOL: 10.1109/
TSMC.1979.4310076
[12] K. Dawson-Howe, “A practical introduction to computer vision
with opencv”, John Wiley & Sons, pp. 54-56, Apr, 2014.
[13] D. Bradley, G. Roth, "Adaptive thresholding using the integral
image", Journal of graphics tools, Vol. 12, No. 2, pp. 13-21, Jun,
2007. DOI: 10.1080/2151237X.2007.10129236
[14] R. F. Fernandez, J. G. Victores, D. Estevez, C. Balaguer, “Quick,
Stat!: A Statistical Analysis of the Quick, Draw! Dataset”, arXiv
preprint arXiv:1907.06417, Oct, 2019. DOI: 10.48550/arXiv.190
7.06417
[15] S. Raschka, “Python machine learning”, Packt publishing ltd, pp.
43-44, Sep, 2015.



38 Journal of The Korea Society of Computer and Information

Authors

Hae-Chan Lee received the A.S., B.S.
degrees in Computer Information Engineering
from Inha Technical College, Korea, in
2022, 2023, respectively. Mr. Lee entered the
Inha Technical College in 2017 and

graduated in 2023. He has experience in IT practice and

interested in IT and the fourth industrial revolution.

Kyu-Cheol Cho received the B.S., M.S. and
Ph.D. degrees in Computer Science and
Information Engineering from Inha University,
Korea, in 2005, 2007 and 2013, respectively.
Dr. Cho joined the faculty of the Department

of Computer Science at Inha Technical College, Incheon,
Korea, in 2016. He is currently a assistant professor in the
Department of Computer Science, Inha Technical College.
He is interested in cloud computing, green IT and web

programming.



