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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
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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
Moon Mountain * Star




Prediction of Doodle Images Using Neural Networks 33

7} oju]x] ZeiAaE 10,000709] HlolHE AME, AA
120,00074e] Clolel2 elgich B o U 0|42
Yol mo]4d do} 7]¥te] 2tojHeie], @j7]x],
Anaconda 7Pggdol| A AE-SH9ITE Hlo[EAlS:
Ait ape 2ei9s] ofFt Numpy m7IX|e epa
One-Hot Q13% W o= FAz]stal L&oj 310101.9 =
75He Keras 2lolu2ie], Hlojelg EgshAL 8% to]
E](Train Data)?t EH|AE Go]E|(Test Data)S £2]5to
A5 1,]0} Scikit Learn 2}o]E2{2]E AREslict.

WA, 553 dolelle] ST apg Bu 5 oS
Hlo]Eje} HIAE HoJEE tEIOPUr = 12 HolH
£ o] £z AN, YielFo0] Ao| 20 sl
20 WA|[15)gk} a8 L} 152 YRS S8l e
glojeje} HAE HolEE Z2lstitt. RHES HEs}]
Aol M= h5sHR] o2 HllolE o tigt o Fo] Eofof s}
Lo, Foldl dolsute skt 49, xople oa
& o] tisfiAl= 2HO] 450l BofX|IA "ot 1A E|
AE Ho|HE 4% glo]E|(Validation Data)= Al-&5}0
sk Z0] gollo] WAISkS. slol5k o] 52 48)st)

|:|:O
EEE
ol E
a1

0

2. CNN (Convolution Neural Network)
CNNojAM9Q] sk Aats A7) fsil IA oJulxlE
28x28 37|12 Aj/gdstal 0nt 1afo]o] I gk e}
sfof A2l © ClolellS Yol £ 7o) 2119
g5 dlofolE &l oluXE ol A'E Ato]l =7t 2x2¢91

5] 23 2olol2 AN FATFIAE 121 dlol
o QJeiure 4 gl U¥d ojulAlt 7le, Al2, RGB

o2 oIy SA1lel olsolct a2f Hkal 59
1A lols|2 Wasla ReLu 2ste]
of ole HAYS T Mok O s RS A
&4, Drop-Out 2fo]o}E F7Fsigith 22 2
ol oM = 7HEAlE 275t &4 dE Fast
517] 95t &84 Al 570 Adam Optimizer?}t £A1
St g WAL AEZ21 AE9] Category Crossentropy=
A9} of2f TT8L CNNe) of7|Elx] @ 92} Hlo]
EJ7L go]o & ARl e EAleeE Zlojt

Input
, “{Eﬁ 28x28x 1
’
/I/
P2 B
P
| - Conv Layer - extracts features from
o 32x5x5 n input image.
l_
7 B
- = For each pixel(2 x 2),
C | —  Max P°?|"2'9 Layer extract the maximum
‘[‘j‘ & value.
i -
1
. Conv Layer - 2 extracts features from
128x5%5 n input image.
|
! »
! For each pixel(2 x 2),
— Max Pooling Layer extract the maximum
i value.
Converts all 2D arrays
Flattened | =—— Flatten of pooled features into
X1/ linear vectors.
N 3
/7l Activates neural with
é O .O — | Dense Layer (FC Layer) the ReLu and classifies
NN S 512 units image with the Softmax.
Yo\ Units
{ ) { 7 N\ Activates neural with
O O .. O — | Dense Layer (FC Layer) the Relu and classifies
- 256 units image with the Softmax.
Units
Output
Softmax Layer
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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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If the length of the array
exceeds 100, select only the
most recent 100 data points

Attempt prediction using
the RNN model on the
reconstructed array and
return the prediction results

outputs the result

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
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