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Estimating Farmland Prices Using Distance Metrics and an Ensemble Technique
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Abstract

This study estimated land prices using instance-based learning. A k-nearest neighbor method
was utilized among various instance-based learning methods, and the 10 distance metrics
including Euclidean distance were calculated in k-nearest neighbor estimation. One distance metric
prediction which shows the best predictive performance would be normally chosen as final
estimate out of 10 distance metric predictions. In contrast to this practice, an ensemble technique
which combines multiple predictions to obtain better performance was applied in this study. We
applied the gradient boosting algorithm, a sort of residual-fitting model to our data in ensemble
combining. Sales price data of farm lands in Haenam-gun, Jeolla Province were used to
demonstrate advantages of instance-based learning as well as an ensemble technique. The result
showed that the ensemble prediction was more accurate than previous 10 distance metric
predictions.

Keywords: Instance-based learning, K-nearest neighbor method, Distance metric, Ensemble,
Gradient boosting
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Table 1. Formula and characteristics of distance metrics

Source: Legendre and Legendre 2012

Type

Formula

Characteristics

@ Euclidean

@ Manhattan

EHA|O| A Z o QAFSICED 8}0] taxicab metricO|2}
iz g8

It is like the distance travelled by a taxicab around
blocks in a city, and hence also called a taxicab metric.
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Area Normalized

Sales year Coded as followings: 2011 = 0, 2012 = 1, 2013 = 2

Slope level = 0, sloping = 1

Use dry field = 0, paddy field = 1

Distri

Istrict lots in Sani-myeon and Hwawon-myeon = 1, otherwise = 0

dummy

Zone residential = 6, industrial = 5, green = 4, management = 3, agriculture = 2, nature preservation
=1

. road width between 12 and 25 meters = 5, between 8 and 12 meters = 4, less than 8 meters =

Adjacent road S .

3, less than 8 meters and vehicle inaccessible = 2, no road =1
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Table 6. Correlation coefficients between estimates (results from test data)

T2 G H J C R P S E M
Gower
Hamman 0.12
Jaccard 0.12 1.00
Canberra 0.38 0.07 0.07
Russel 0.28 0.57 0.57 0.23
Podani 0.21 0.36 0.36 0.23 045
Soergel 0.53 0.07 0.07 0.87 0.20 0.23
Euclidean 0.52 0.07 0.07 0.86 0.19 0.23 0.99
Manhattan 0.53 0.07 0.07 0.87 0.20 0.23 1.00 0.99
Chord 0.51 0.07 0.07 0.85 0.19 0.23 0.96 0.95 0.96
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