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[Abstract]

It is generally not a good idea to train a deep learning algorithm from scratch because it demands significantly large amount
of data. Transfer learning technique is exploited in this study to overcome a sparse data problem in real estate industry. A dense
neural network (DNN) is a universal algorithm to process structured data, and was utilized to estimate property price. In this case,
the transfer learning did not show acceptable performance. In addition, a convolutional neural network (CNN), an algorithm
specialized for unstructured data such as imagery data, was employed to classify a building usage based on the front-view of
photographs collected. It was found that the transfer learning of CNN worked relatively well in image classification tasks. For
structured data, the poor performance of the DNN could be attributed to the inefficiency of hidden layers and insufficient number
of hidden layers used. In contrast, this study attributed excellent performance of the CNN to the efficiency of convolutional layers,

and sufficient number of hidden layers used (50 layers).
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Table 1. Descriptive statistics
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* unit: 0.1 billion KRW
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Fig. 4. Structure of CNN
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Table 3. Comparison of model performances

model

accuracy

without transfer learning

0.7%(22/3,007)

with transfer learning(all 50 hidden layers

71.8%(2,158/3,007)

reused)
hoto classified hoto classified
P (probability) | ° (probability)
| restaurant (0.56) & barn (0.59)
| cinema(0.13)
grocery
store(0.01)

7 home(0.86)
Yl freight
car(0.08)
minivan(0.03)

tile—roof
house(0.65)
thatched
roof(0.17)
patio(0.02)

J8 5. 2HtEN o|EEt A2 HHE AE of
Fig. 5. Examples of correct classification

photo classified photo classified
(probability) (probability)
tobacco
shop(0.44) cinema(0.40)
vending street
machine sign(0.04)

s (0.27) trolleybus

bookshop (0.01)
(0.06)
traffic
light(0.37) %ozzs)tery
confectionery ) beil
(0.21) .
picket cote(0.36)
fence(0.04) castle(0.11)

O3 6. Ad et dolsH oS53 Hez EHYst 748 of
Fig. 6. Examples of wrong classification
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