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Abstract

Land administration services, especially in urban areas, require a complete and accurate parcel-based land
valuation for supporting fair and reliable taxation. For fulfilling that purpose, the utilization of machine
learning techniques, instead of full ground survey, to predict land value for each parcel is tested in this work.

Although linear regression approach is widely used, the technique is not relevant as not all variables are
linearly related to land values. Over the past few years, random forest (RF) models have been applied and seen
to be promising for land-administration related analysis. However, as the prediction was typically generating
land values for zones or blocks, which are not parcel-based prediction, thus the produced results may not be
operational for local land and municipality offices to be used especially for determining land values in property
transactions. This study adopted RF to predict parcel-wise land values in 15 administrative districts of
Surabaya City and are validated using real transaction data. The independent variables used in this study are
as follows: the zoning score, road width, parcels’ distance from the central business districts (CBD), schools,

markets, arterial roads, urban collector roads, points of interest (POI), and hospitals. The prediction model
was trained using assessment values done by Indonesian Society of Land Appraisers. The prediction model
produces the mean absolute error (MAE), mean absolute percentage error (MAPE), R*-score, Coefficient of
Variation (COV), and Prediction relative difference (PRD) respectively on the testing data are 39.31 USD.;

6.99%, 0.96; 4.18%, and 1.03. Then, the trained model was validated using official transactional dataset and
determined its MAPE and R’-score. The values were 16.76% and 0.72, respectively. It is concluded that the
model performed effectively. Hence, the findings provide a potential solution for delivering completeness and
certainty in land valuation for land registration services.
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1. Introduction

Land administration services are essential affecting economic growth of a country. They

infrastructure to support a sustainable development in
a country [1]. The services include taxation,
certification, and valuation of a specific parcel of
land which may help the government in gaining
optimum revenue [2] and [3]. For instance, [4]
explained that the land valuation can contribute to
increase national revenues through taxation programs
but is hindered by its poor implementation. In
addition [5] and [6] stated that land taxes are
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observed that the taxes can be utilized for expenses
to support some government programs in various
sectors, including mitigation, emission, and
consumption of goods and services. Valuation and
taxation are essential functions that make other land
administration services work properly. Those
indicates the importance of land administration
services to a country.


https://doi.org/10.52939/ijg.v21i7.4319

The Indonesian Ministry of Agrarian Affairs and
Spatial Plan, well known as ATR/BPN, plays as a
main role for supporting land administration services
in the country. The ministry’s first priority is in
providing legal certainty to all land parcels located
out of forest areas in the country through land
registration programs. The other land administration
services that the ministry is being mandated is in
managing and regulating valuation of land parcels
and spatial plans at the national, province and
municipality levels. Meanwhile, the function of
taxation is mandated to each and every municipality
in the country as sources for local government
revenues. The logical framework for generating land
and property taxes is that the generated tax map
should use maps of land ownerships and land
valuation as its reference. Using such an approach,
the completeness and logical consistency of the local
property (of land and building) taxes can be
determined well for each land parcel in the cities and
municipalities. However, since 1960s Indonesia
experienced mostly sporadic land title adjudication
and mapping that slow down the country progress in
achieving a complete and reliable cadastral map for
the whole country [7]. In addition to that, land
management paradigm that requires integration of
data and information of land registration, valuation,
taxes and plans is not well implemented, as the
management of land rights, values and plans are
mostly still fragmented among local and national
government agencies. As a result, individual land
value and tax which is based upon un updated parcel
map is still lacking.

By 2024, the ministry has mapped and certified
almost 100 million out of targeted 126 million land
parcels, under a project namely a Complete
Systematic Land Registration in Indonesia
(abbreviated as PTSL) [8]. Once the project is
completed, an accurate individual land valuation is
critical to be produced. A land valuation can be
defined as an expert assessment to determine
certified land parcels’ value, taking into
consideration diverse information and characteristics
including the market value [5][9] and [10]. Most of
the market value data are collected and provided in a
typical zone-based uniform value called the mass
appraisal technique [11] and [12]. However, due to
data generalization in a mass appraisal, the land taxes
may not be justified correctly for each land parcel.
That implies the urgencies in having a complete land
market values for individual parcel, i.e., individual
appraisal approach [13].

Direct measurement in field survey for individual
land parcel value would be very costly and timely.
Therefore, many researchers preferred to adopt
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several machine learning techniques which require
much lesser surveyed land parcels’ value data to
predict values in the other unsurvey parcels [14].
Current practices in Indonesia have used mostly a
linear approach to gather the relationship between the
dependent (e.g. land wvalue) and independent
variables (e.g. land market value and adjacent
properties). The linear approach includes simple
linear or ordinary least square (OLS) regression with
a locally modified approach such as geographically
weighted regression [15] and [16]. However, the
output of the linear approach predictions does not
represent characteristics of the data which then prone
to bias. For example, [17][18] and [19] used a linear
regression approach to predict real estate prices with
suboptimal accuracy results. Those studies reported
that the variables applied had a determination
coefficient over the independent variables of less
than 40% [18]. Therefore, the prediction results still
have a high bias.

Recently, a number of non-linear regression
approaches has been utilized and developed for land
valuation purpose. The approaches have experienced
significant advancements in the field of land
valuation. Among many non-linear approaches,
support vector machines (SVM) [20], gradient
boosting (GB) [21], artificial neural networks (ANN)
[22], and random forests (RF) [23], are frequently
employed. SVM minimizes the margin and
generalization error and can solve small sample, non-
linear, and high-dimensional problems. However, the
margin of error built into the auxiliary vector can lead
to prediction bias [24]. ANN uses neuron connections
to extract the relationship characteristics of
dependent and independent variables in complex land
valuation systems. However, ANNs are highly
dependent on the neural network architecture built
and are sensitive to the architecture [22]. The GB
technique attempts to perform an iterative technique
to minimise the residuals in the weak learner, often
using a weak learner decision tree (DT) which is then
called a gradient boosting decision tree. With its
iterative nature, it allows for weak generalization of
unseen data [25]. The SVM method and gradient
boosting may provide high-quality predictions but
are susceptible to outliers. The appearance of outliers
in the SVM method reduces model quality [26] and
[27]. Meanwhile, outliers in the gradient boosting
process produce overfitting due to the outlier values
being iterated until the error value is minimal [28].
Whilst, [22] proved that ANN can present an accurate
prediction; however, the main disadvantage is its
inability to explicitly identify the relationship
between dependent and independent variables, hence
the term “black box” [29].
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RF is considered good enough to build prediction
models with structured data and a limited amount of
data through a nonlinear approach [30] and [31]. The
RF approach is ideal for mass appraisal applications
because it has various advantages over other
algorithms, such as being resistant to outliers,
performing well with missing values, and categorical
variables with multiple categories [32]. Based on
research conducted by [33] in Ljubljana, Slovenia,
RF can better detect variability in apartment values
and more effective prediction of land values than
multiple linear regression. Results in other research
by [23] in Gangnam, Korea, showed that the RF
method can overcome complexity or nonlinearity in
the property market compared to OLS.

However, using RF models for land value
prediction in Indonesia remains uncommon.
Systematic land parcel valuations by using random
forest algorithms have not been done before in
Indonesia, especially applied into the official land
parcel map. This research uses RF models for
generating land values of land parcels of the city of
Surabaya, the second biggest city in Indonesia. This
paper aims to validate whether the RF technique
provides a reliable result by using inputs of a
complete land parcel map of a city and data sampling
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from professional valuers and validated by official
real estate transactions. This study presents an in-
depth analysis of the factors that influence land value.
The paper is structured as follows: Section 2
describes the research methodology, Section 3
presents the results, and Section 4 provides the
discussion and Section 5 draws the conclusion.

2. Research Methodology

2.1 Research Area

Surabaya City, the second largest city in Indonesia, is
a capital city of Eastern Java Province [34]. The city,
which has an area of approximately 326.36 km? is
divided into 31 subdistricts and 154 wards. Broadly
speaking, it also serves as the service center for
Eastern Indonesia’s activities. The city is designated
as a trade and service city at national and
international  transportation  hubs, providing
opportunities to increase its role as a national activity
center, as mandated by the central government. As
seen in Figure 1, Surabaya City has an urban system
development strategy developed through a city
spatial structure plan consisting of low-, medium-,
and high-density housing, class I and II trade and
services, public facility areas, and protected and
border areas [35].
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Figure 1: Surabaya city, East Java Province, Indonesia (adapted from https://tanahair.indonesia.go.id and
Surabaya City Land and Spatial Planning Office)
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2.2 Method

This research implemented the RF model to predict
land value from various input variables including
zoning score, road-related, and interest-point-related
features. The determination of input variables
followed the study of [36][37] and [38]. The features
of the road are width of the road, distance to arterial
road, and distance to collector roads. While for the
interest point, the features are distance to markets,
distance to central business districts (CBD), distance
to point of interests, distance to schools, and distance
to hospitals. POI are locations that are the attraction
of a particular area, such as tourist attractions,
cultural heritage, and landmarks. Easy access to
utility services and commercial centers is a great
advantage and can lead to high land values [9]. This
study encompasses four regions, that are Eastern,
Northern, Center, and Southern of Surabaya. That
includes 15 subdistricts consisting of Genteng,
Bubutan, Simokerto, Semampir, Kenjeran, Bulak,
Tambaksari, Gubeng, Rungkut, Tenggilis Mejoyo,
Gunung Anyar, Sukolilo, Mulyorejo, Pabean
Cantikan, and Krembangan. Figure 2 shows the
flowchart of this research which has five main stages:
(1) Data collection and preparation; (2) Data pre-
processing; (3) RF modelling and hyperparameter
adjustment; and (4) Accuracy assessment. The details
of each step can be explained in the sub-sections
below.
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2.3 Data Collection and Preparation

The input of the RF model is zoning score, road-
related, and interest-point-related features while the
output of the RF model in this study is a parcel-based
land valuation (LVP2r¢€!). Several sub-sub chapters
below describe the collection and pre-processing for
the datasets of the input features. Table 1 summarizes
the collected data.

2.3.1 Parcel-based land value

The samples of parcel-based land value (locally
known as NBT or Nilai Bidang Tanah) were obtained
from the Indonesian Society of Appraisers (ISA) data
totaled 2,836 parcel samples. The land valuation used
as training was assessed by an ISA-certified valuer.
The technicalities of valuation have been regulated
by ISA as the standardisation of property valuation in
Indonesia. There are 3 approaches used in the
valuation process in accordance with ISA standards,
namely the market, income, and cost approaches. The
market approach considers sales of similar or
replacement properties by comparing market prices.
The income approach considers the income and costs
associated with the property being valued and
estimates the value through capitalization. The cost
approach establishes the value of the property by
estimating the cost of acquiring the land and the
replacement cost of new development on it with
comparable utility.
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Figure 2: Land parcel valuation prediction study workflow
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Table 1: Data sources and research-derived variables

Data Source of Data Scale Variable Influence on land value
Sample of  Land Office 1:2,500 Training dataset -
land value Surabaya II
zones
Land parcel Indonesian Society  1:2,500 Training dataset -
value of Appraisers (ISA)
Land parcel Bhumi.atr.bpn.go.id 1:2,500 Geometric -
data representation of
land parcels
Spatial city ~ Surabaya City Land 1:5,000 Spatial plan zone Spatial ~ zone  regulations
details plan  and Spatial (Zone_number) represent responsibilities and
Planning Office restrictions on space utilization
on a land parcel. Commercial
areas have higher land values
[39].
Road Surabaya City 1:5,000 Distance to the Access to the road network can
network Public Works, arterial road affect land value. The higher
Housing, and (=) the accessibility of a land
Settlement Area Distance to the urban parcel, the higher the land
Office collector road value [39].
( dcallector)
Road width
(Wruad)
Point of Surabaya City Land 1:5,000 Distance to points of  Accessibility of points of
interest and Spatial interest interest affects land value
distribution ~ Planning Office (dPoh because the closer to points of
interest, the easier accessibility
to entertainment and recreation
[40].
School Surabaya City Land 1:5,000 Distance to points of The higher the accessibility to
distribution  and Spatial the school education facilities, the higher
points Planning Office (o the land value [41].
Distribution ~ Surabaya City Land 1:5,000 Distance to the The market as a place for
points of and Spatial points of traditional ~ economic interaction plays a
traditional Planning Office market vital role in population
markets (=) mobility, whereas the closer to
the market, the higher the land
value [41].
Distribution ~ Surabaya City Land 1:5,000 Distance to the Health facilities are a basic
point of and Spatial points of hospital need of the community,
hospital Planning Office (d"ospitaly therefore the distance to health
location facilities such as hospitals has
an influence on land value. The
closer to the hospital, the
higher the land value [40].
Distribution  Surabaya City Land  1:5,000 Distance to the The CBD is the driver of
point of and Spatial points of CBD community activities. The
central Planning Office (d“BP) closer to the CBD, the higher
business the value of a land parcel [40].
districts

The approach chosen depends on considerations such
as the value basis and purpose of the valuation, the
availability of information and data, and the methods

applied by players in the relevant market [42]. The
sample points are spread throughout the study area
and already represent the whole area geographically.
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Figure 3: Training point for prediction modelling;
(a) Distribution of land value sample points and (b) density plot of land values

In terms of a representative sample size, the
International Association of Assessing Officers
(IAAO) recommends the sample calculation by
Cochran (1997) as shown in Equations 1 and 2 [43].
Where ny is initial sample size, n,is final sample size,
Z is the z-score at the selected confidence level in the
normal distribution, p is the proportion of the sample
to the population, ¢ is 1 - p, N is population number,
and e is the margin of error. In this study, there were
466,393 land parcels, and a confidence level of 95%
(z-score = 1.96), a margin of error of 5%, and a
sample proportion of 50%. By using Equation 1, the
minimum sample size was 384. Meanwhile, the
number of samples obtained was 2,836, so the sample
size already represented the condition of the land
parcels in the study area.

Z’pq
ny=—;
e
Equation 1
n, = o
e
N
Equation 2

The parcel-based land value point data distribution is
integrated into the cadastral land value geometry via
spatial joint, this leads to the sample attributes of the
parcel-based land value being linked to the cadastral
land parcel. The sample distribution can be seen in
Figure 3. The samples range from 58.40 USD/m? to
3,003.15 USD/m?; with the average and the standard
deviation is 687.57 USD /m? and + 484.56 USD/m?,
respectively. In addition, land parcel data from Land
Office Surabaya II which scaled at 1:2,500 is served
as complementary data to denote the geometric
representation of land parcels.
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2.3.2 Road-related features

For road-related features, the dataset is obtained from
the Surabaya City Public Works, Housing, and
Settlement Area Office which is scaled at 1:5,000.
The dataset includes w°%, d¥ and deolcor These
variables indicate the level of accessibility of each
land parcel in which the higher the accessibility, the
higher the value of a land parcel and vice versa [44].
Proximity analysis is used for the extraction of W%,
dterialand deolleer In the analysis, the distance
represents the shortest distance from each land parcel
to the nearest road feature that is calculated using
Euclidean distance defined in Equation 3:

dty = (5= Foe ] + (7= V)
Equation 3

Where d;y is the distance of a land parcel located in
(x, y) to the nearest features / which located in
(x Vioures)- The use of ED for accessibility

nearest

assessment because it has a relatively low
computational cost and is widely used for property
valuation systems [45][46] and [47]. However, the
use of ED for accessibility assessment has limitations
because it does not represent the physical distance
which is affected by the impedance of road features
[48]. Here, ones shall take a note that i represents not
only road-related features (width, distance to arterial,
distance to collector), but also interest-point-related
features (traditional market, CBD, point of interest,
school, hospital). Based on data processing results,
the variable distance to arterial roads has a minimum
and maximum value of 0 and 2,335 m, respectively,
with an average of 338.025 m.
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In the distance to urban collector roads variable, the
minimum and maximum value is 0 and 4,606.75 m,
respectively, with an average of 1,049.91 m. The road
width variable is obtained from the measurement of
the road width nearest the land parcel. Based on the
data obtained, it has minimum, maximum, and
average values of 0.5, 16.74, and 4.34 m,,
respectively.

2.3.3 Interest-point-related features

Further, from the Surabaya City Land and Spatial
Planning Office provides the distribution of POI,
schools, traditional markets, and the CBD datasets
with the scale of 1:5,000. The datasets are thus used
to derive point-related features including dome*e,
dCBD’ dPOI , dschool’ and dhospita[ using Equation (1)’
which is in line with the study of [49] and [50]. Based
on the data processing results, the distance variables
to the POI have minimum, maximum, and average
values of 57.26, 9.80, 57.26, 9.80, and 2,060.18 m.,
respectively. The distance variable to the traditional
market has a minimum, maximum, and average value
of 0, 4,995.33, and 1,010.65 m., respectively. The
distance variable to the CBD has a minimum,
maximum, and average value of 46.91, 6,963.45, and
2,213.94 m., respectively. Then, the distance variable
from the hospital has a minimum, maximum, and
average value of 0, 4,790.10, and 1,461.55 m.,
respectively.

2.3.4 Zoning score feature

Zoning score feature was derived from the “Spatial
City Details Plan” (locally abbreviated as RDTR,
Rencana Detil Tata Ruang) which represents the
zones in the regional spatial plan, is obtained from
the Surabaya City Land and Spatial Planning Office
with a scale of 1:5,000. The zones consist of 7
different zones; those are protected zones and
boundaries, low-density housing, medium-density
housing and public facilities, high-density housing,
as well as 1%, 2", 3% class trade and service areas.
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Since were provided in categorical data format, the
zones were assigned to certain scores for numerical
representation using leave-one-out (LOO) encoding
techniques which follow the study of [51]. The
assignation into numerical data with LOO was
modeled mathematically using Equation 4:

Znp = Ldip; k=1
Equation 4

Where Zn;, is the assigned score for zone j:{all zones
data from RDTR} located at k and Ld,, represents the
average land value of all parcels for zone j in the
location other than k. The result of the LOO encoding
technique for the spatial city details plan is delivered
in Table 2. The first-class trade and service areas
zone had the highest mean LOO value (825.444 USD
/m?), while the protected zones and boundaries had
the lowest (597.623 USD/m?). For summary, Figure
4 shows all input variables for land valuation in this
study. Those include Wroad’ darteriat’ dcallectorial’ dmarket’
dCBD, dPOI’ dschaol’ dhaspitul , and Zl/l[p. Once prepared’
all variables were then standardized.

2.4 Data Pre-processing

Variable data preprocessing is undertaken to mitigate
errors stemming from uncontrollable factors. Such
factors encompass data outliers and nonuniformity in
data dimensions. Outliers often arise due to
inaccuracies in determining the distribution of
random samples, errors in measuring the data, and
other factors [52]. Given these challenges, there is a
critical demand for a technique to detect and
eliminate outliers, ensuring that the data remains
uncontaminated. This process allows for the
construction of models that perform optimally. The
interquartile range (IQR) is a commonly used method
for detecting and exercising outliers in machine
learning. It serves as a tool to pinpoint outliers in
continuously distributed data [53].

Table 2: Result of LOO encoding for spatial city details plan variable

Zone Minimum value Maximum Mean value of The standard

of LOO score value of LOO LOO score deviation of the

(USD/m?)  score (USD/m?) (USD/m?)  LOO score USD/m?)
Protected zones and boundaries 595.501 598.176 597.624 0.401
Low-density housing 709.198 797.900 776.905 19.893
Medium-density housing 747.905 751.237 750.424 0.669
High-density housing 778.375 782.290 781.416 0.701
1% class trade and service areas 801.540 834.509 825.444 6.553
2" class trade and service areas 788.527 804.735 800.567 3.436
3" class trade and service areas 622.856 682.642 661.016 22.531
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It is also called the midspread or the data distribution
covering 50% of the entire dataset, which is
technically termed the H-spread. The IQR is
determined by calculating the difference between the
first and third quartiles, represented as IQR = Q3 —
Q1 [54]. Data outside the range of the lower and
upper limits is outlier data, so it needs to be removed
to make more optimal prediction data. In the
preprocessing  stage, data standardization is
performed so all variable data can have the same
scale, thus making it easier for the system to interpret
the data [55]. Thus, the model formed will have
optimal accuracy. The data normalization technique
used in this research is standard-scaler. The method
converts the data into a uniform distribution so that
all data has a mean of zero and a standard deviation
of 1 [56]. The Z score normalization can be
formulated in Equation 5 [57]:

Z —score = Aiv - Aiv(avg)
O-Aiv

Equation 5

Where 4;, and Z-score contain the iv" variable before
and after standardization with their corresponding
mean (Ai@yg) and standard deviation (o4y). In
addition, the l'vlh includes W‘oad’ darteriat’ dco[lectorial’
dmarke[’ dCBD’ dPOI’ dschool’ dhospita[ and Znip in respective
order.

Figure 5 visualizes data conditions before and after
pre-processing using a box plot involving two key
steps: handling outliers and data standardization. In
visualisation using boxplots, there are 4 components,
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namely; (a) inter-quartile range (IQR), which is the
value of Q1 and Q3 in the distribution of data, this is
represented by a yellow box in Figure 5; (b) lower
limit which is the limit of the minimum value range
of data included in the normal distribution which is
represented by an extension line below the IQR area
or often called the lower whisker; (c) upper limit
which is the limit of the maximum value range of data
that is considered to be included in the normal
distribution, represented by an extension line above
the IQR area or called the upper whisker; and (d)
outlier points which are the values of data that are not
included in the upper and lower whisker ranges.
Figure 5(a) shows the condition of the data before
pre-processing. In this figure, it can be interpreted
that almost all data have outliers and different data
dimensions. The difference in data dimension will
reduce the performance of land value modeling
because it is prone to bias. Figure 5(b) is the result
after pre-processing, where all data does not have
outlier data. In addition, the data dimensions of all
variables have the same mean-value of 0 and standard
deviation of +1, a result of data standardization.
Thus, the modeling variables are more reliable for
further processing. This study uses land value zone
data as the dependent variable, while the independent
variables use variables that affect the value of land
parcels. At the model construction stage, the first
thing to do is feature extraction of independent data
on dependent data. The stage carried out before
modeling is splitting the land parcel value samples.
Splitting the land parcel value samples is dividing
samples into training and testing data with a ratio of
80:20.
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Figure 5: Box plot of each variable data; (a) before scaling; (b) after scaling
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2.5 RF Modelling and Hyperparameter Adjustment
The algorithm used in this research is RF. RF is an
ensemble learning approach from a decision tree that
produces output as continuous data for regression
problems. Each decision tree divides the input data
iteratively into two or more data samples called
nodes. This division will continue until certain
conditions are met, such that the variation of the data
group within a certain variable becomes very small.
One node will be subdivided into child nodes in the
same way. The data in each child node is used to
predict the value of the dependent variable in that
node. The results from all child nodes are combined
to produce the final prediction [58]. The RF
algorithm can be calculated as in Equation 6 [59].

LV, =avg{lv,(Z —score)}’,

est

Equation 6

Where LV, represents the land value estimation of
parcel located at x, y from an RF model which has N
number of trees. The LV, is derived by averaging all
Ivi(Z-score) which indicates the estimation of a
specific tree number ¢.

Establishing algorithm architectural models through
suitable hyperparameter tuning is an essential
component in developing efficient ML models,
particularly models based on tree-based algorithms
such as RFs. It happens because the RF approach
requires optimization of various hyperparameters
to achieve optimal model performance. Manual
testing using trial and error on hyperparameter
settings is still frequent. However, this technique
becomes less effective due to several reasons, such as
a high number of hyperparameters, complex models,
time-consuming model evaluation, and nonlinear
interactions between hyperparameter configurations.
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Consequently, this study proposes to use Bayesian-
based hyperparameter tuning to automatically
determine the ideal hyperparameter configuration
using an approach based on statistics. The land parcel
value prediction is trained with the best RF
hyperparameter to get the optimal model evaluation
value. This study uses the Bayesian search optimizer
technique available in the Scikit Learn library to
determine the best hyperparameter value from
predetermined search spaces as shown in Table 3.
Bayesian optimizer is a sequential model-based
approach to problem-solving [60].

The parameters optimized in this research are
bootstrap, max_depth, max_features, min_samples_
leaf, min_sample split, and N _estimators. The
bootstrap parameter identifies whether bootstrap
samples are used when building each DT. If bootstrap
is false, all datasets are used to build each DT. By
default, the value of bootstrap is True. Max_depth is
a parameter that sets the maximum height of each DT
in the RF. By default, the value of max depth is
None. Max_features is the number of parameters that
must be considered to create the best splitting. By
default, the max features value is None. The
min_samples_leaf value is the minimum number of
samples a node should have after splitting. By
default, the min_samples leaf value is one. The
min_samples_split value is the minimum number of
samples a node must have to split again. The
N_estimator parameter describes the number of DT
built into one RF model. Usually, the more DT, the
better. By default, the value of n_estimators is 100.

Figure 6 shows the results of hyperparameter
tuning using the Bayesian search optimizer. Table 2
shows the optimal hyperparameter value
interpretation results. The optimal input for
bootstrap, max_depth, max_features, min_samples
split, mean_samples leaf, and N_estimators 1is
“False,” 90, 4, 1, 2, and 1,800, respectively.

Table 3: Search spaces and optimum input of tuning hyperparameter using Bayesian search optimizer

Parameter Search spaces Optimum
input
bootstrap “True,” “False” “False”
max_depth 10, 20, 30, 40, 50, 60, 70, 80, 90, 100, 110, None 90
max_feature 1,2,3,4,5,6,7,8,9,10, 11, 12 4
min_samples_leaf 1,2,4 1
Min_samples_split 2,5,10 2
N _estimators 200, 400, 600, 800, 1000, 1200, 1400, 1600, 1800, 2000 1800
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Figure 6: Result of tuning hyperparameter random forest using Bayesian optimizer

2.6 Accuracy Assessment

Evaluation of model performance was conducted
with several parameters, such as mean absolute
percentage  error (MAPE), coefficient of
determination (R?), mean absolute error (MAE),
coefficient of variation (COV) land value prediction
ratio (LPR), and price related differential (PRD) as
defined in Equations 7 to 12:

n LVobS _LVESt
MAPE :lz —L——1_x100%
nis ;
Equation 7
2 obs est \2
DI AR

Vest

avg

i LI/iobs —L 2
L )
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Where LV™ is the i observed land value of parcels,
LV LV is the i" estimation land value of parcels,

and LV is mean value of estimation land value of

avg

parcels.

Further, the relative contribution of each input
variable was measured using variable importance.
Two variable importance parameters were utilized,
that are permutation importance (PI) and mean
decreased impurity (MDI). The PI and MDI values
have been normalized between 0 and 1. As a result,
as the PI and MDI values approximate one, the
variable's influence on the prediction model emerges
stronger. In contrast, when the MDI or PI value is
close to zero, the variable has a lower influence on
the prediction model.

3. Results

3.1 Land Parcel Value Prediction

Once trained, the developed model was applied to
predict the LV;?} for all points. The land parcel value
prediction can be seen in Figure 7(a). The predicted
land parcel values range from 103.37 USD/m? and
2,5083.57 USD/m? with the mean of 691.92 USD/m?
and standard deviation of + 36.37 USD/m% In
addition, Figure 7(b) shows the frequency
distribution of the prediction results using the
prebuilt model in the study area. The x-axis
corresponds to the land parcel value in units of
USD/m? while the y-axis represents the frequency of
the range of land parcel values. Visually, the data is
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K ¥

235000

~230000
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asymmetrically distributed. Based on the symmetry—
asymmetry of the histogram, the results are included
in the positive skew histogram. Modally, the
histogram is described as unimodal, with only one
peak or mode value. The mode value in the frequency
distribution is Rp. 11,507,290.00/m?.

3.2 Model Performance

The performance of the Random Forest (RF)
algorithm in parcel-based land value modeling was
evaluated using five parameters: Mean Absolute
Error (MAE), Mean Absolute Percentage Error
(MAPE), R-squared (R?), Coefficient of Variation
(COV), and Prediction Relative Difference (PRD).
The evaluation results for these parameters are
presented in Table 4. This evaluation was conducted
on both training and testing datasets to determine
whether the prediction model is overfitting.
Overfitting occurs when the performance of the
training data is significantly better than that of the
testing data. MAFE represents the average error value
of the prediction results compared to the actual. The
range of MAE values is 0 to oo, where the closer to 0,
the better the prediction model. The MAE value on
training and testing data is 39.31 USD and 39.25
USD, respectively. Both datasets produce almost the
same MAE value, but the training data is slightly
higher by 0.15% than the testing data. Model
evaluation with MAPE has the advantage of being
easy to interpret compared to MAE because the unit
is a percentage. MAPE is the percentage of the
absolute difference between predicted and actual
values divided by the actual value.
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Figure 7: Prediction result; (a) Map plot of land parcel value data prediction using random forest
(b) KDE plot prediction of land parcel value data
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Table 4: Model evaluation result

Metric Value
Training data Testing data
MAE 3931 USD 39.25 USD
MAPE 6.99% 7.21%
R’ 0.96 0.96
cor 4.18% 4.87%
PRD 1.03 1.02

The MAPE value has a range of 0-100%; the closer
to 0, the better the prediction model. Based on the
evaluation results, the MAPE values on training and
testing data are 6.99% and 7.21%, respectively. Both
values have a difference of 3.10%, where the value in
the testing data is higher than the training data. The
R’ metric evaluates the relationship of value patterns
between predicted and actual. The R’ value has a
range of 0 to 1, where the closer to 1, the higher the
performance of the prediction model. Based on the
evaluation results, the R’ value on the same training
and testing data is 0.96.

As part of the property valuation context, the
International Association of Assessing Officers
(IAAO) has a metric to evaluate the valuation result
with the actual value. This evaluation is represented
by LPR, which is the ratio between the valuation
result and the actual value. Then, the metric is
defined with COV and PRD. COV is the variance
value divided by the average of the LPR. Like MAPE,
COV is represented by a percentage where the closer
to 0, the better. Based on the evaluation results, the
COV values on the training and testing data are
4.18% and 4.87%, respectively. The COV value of
the training data is 15% lower than the testing data.
In addition to COV, PRD is used as a metric to
evaluate LPR by comparing the average LPR with the
weighted average (WA). WA is the ratio between the
total number of predicted land values and the total
number of actual land values. The PRD value has a
range of 0 to oo, where the ideal value of PRD is 0.98
to 1.03. This range of values indicates that the
predicted land value is not significantly different
from the actual value. A value of less than 0.98
indicates that the predicted value is significantly
lower than the actual value. Meanwhile, a PRD value
of more than 1.03 indicates that the predicted value is
significantly higher than the actual value [61]. The
PRD value of the evaluation results on the training
and testing data is 1.03 and 1.02, respectively, where
the PRD value of the training data is 0.98% higher
than the testing data. This indicates that the training
and testing data prediction results are slightly higher
than the actual value but not significantly different.

Figure 8 shows the kernel density estimate (KDE) of
predicted values in both the training and testing data.
KDE is a visualization technique that estimates the
probability density function using all sample point
locations and shows multimodality. It compares
favorably with 2D histograms as it is smoother and
does not require bin orientation [62]. The training and
testing data reveal a unimodal frequency distribution
model with a positive skewness. The training and
testing data demonstrate an almost perfect overlap
between the predicted and observed values.
However, there are significant differences in
frequency distribution between the observed and
predicted data in both the training and testing
datasets, as seen by the red line in Figure 8. There is
a comparatively greater difference between the
predicted and observed data in the testing dataset than
in the training dataset. This phenomenon is
associated with the model being tuned to the training
data, resulting in minimal prediction errors on the
training data compared to incoming data, specifically
the testing data. Despite the close agreement and
similar distribution pattern between the observation
and prediction data, there are different mode values
for both the training and testing parts. The testing
dataset shows that the mode value of observation and
prediction data is 234.91 USD and 378.82 USD,
respectively. The training dataset shows that the
mode value of the observation and prediction data is
493.64 USD and 378.82 USD, respectively.

3.3 Validation with Official Transactional Data

In addition to evaluating data quality using data
training and testing (notes are considered internal
data), this study also tests external data. The external
data collected is transactional data from the data and
information center of the Indonesian National Land
Agency. The data corresponds to official land
transactions that occurred and documented by the
government in Surabaya City during the year 2023.
The data obtained is a point with land value attributes
given in rupiah units per square meter. The data is
then extracted from the predicted data for further
analysis. MAPE and R’ are the evaluation metrics
used to compare transaction data to predicted data.
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Figure 8: Training and testing land value KDE-plot: (a) Density distribution of prediction and observation
data on training dataset. (b) Density distribution of prediction and observation data on testing dataset
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Figure 9: Results of an evaluation using transaction data for 2023: (a) Residual percentage distribution for
each transaction point. (b) Scatter plot demonstrating the relationship between transaction and predicted data

Figure 9(a) shows the distribution of residual
percentages for each transaction point. The absolute
residual percentage is calculated by dividing the
difference between the transaction and predicted land
values by the land transaction value and then the
absolute value. Figure 9(b) shows the scatter plot
relationship among predicted land values and
transactions. In Figure 9(b), the x-axis represents the
predicted land value, and the y-axis represents the
transaction land value. Meanwhile, the red line
represents the ideal relationship between the two data
sets. The closer to the axis, the lower the difference
between the transaction data and the prediction. The
color gradation of blue to red represents the absolute
percentage error (APE) value. According to the
scatter plot, the higher the land value, the greater the
margin of error between the predicted and transaction
land values.

The total amount of test data derived from transaction
data is 2,592. The results of the evaluation showed
that the absolute percentage error ranged from
0.001% to 34.94%. The MAPE between the two
datasets is 16.76%. Meanwhile, the coefficient of
determination for the two datasets is 0.71. The spatial
distribution of the absolute value of the percentage
error for each location indicated that the absolute
value of the percentage error, both small and large,
varied equally over the region, with no centralization
in specific areas. A significant difference between the
transaction value and the prediction may occur; this
is because when conducting a buying and selling
transaction, there is a negotiation process that results
in the price achieved being more or smaller than the
predicted data.
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4. Discussion

This research endeavors to predict land values using
an ML algorithm combined with spatial data. Such
explorations are seldom undertaken, especially in
Indonesia. This study mainly aims to formulate a land
value prediction model for 2023 using the RF
algorithm, leveraging the latest variable data. Before
deploying the RF modeling, an initial collection of 12
predictor variables is filtered through the important
analysis feature space to discard less impactful
features. The remaining nine variables undergo
analysis using the MDI and PI, which strongly
correlate with land value. Employing the RF
algorithm, this research successfully crafted a model
with high accuracy, R’ values (exceeding 0.9), and a
minimal MAPE (less than 10%). This aligns with
findings from studies by [23] and [63], which
reported a 10% MAPE when using the RF algorithm
for property value predictions.

RF was chosen as the algorithm used in this
research because it has performed very well in
previous research related to property valuation [32]
and [64]. The good performance of RF compared to
other algorithms in solving property valuation
problems is because this algorithm combines dataset
features by exploring the hierarchical structure of
characteristics and the influence of each feature on
property values [23]. RF algorithm does not require
data complexity assumptions such as normality, as
market data characteristic for property valuation is
rarely normally distributed [65]. The RF algorithm
can capture complex relationships between
dependent and independent variables, where the
assumption of linearity of the relationship between
the two data is not required [66]. This contrasts with
the multiple linear regression algorithm, which
requires the assumption of the dataset's normality and
the linearity of the relationship between the
dependent and independent variables [64]. When
using multiple linear algorithms, it under-represents
the characteristics of property market data. In
addition, the RF algorithm can provide an overview
of the hierarchy of each DT and information on the
level of importance between features to the
prediction model, which can increase the
transparency of land valuation. Land valuation
transparency is needed in systematic land valuation.
In contrast, neural network-based algorithms have a
‘black box’ characteristic, i.€., the user does not know
the algorithm's computational complexity. With this
characteristic, this research considers the RF
algorithm in parcel-based land value assessment.

The evaluation of the relative contribution level
of each variable to the model is conducted, among
other things, to interpret the built model. Through this
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evaluation, it is possible to identify which variables
most influence the land parcel value prediction in the
study area. Evaluation of the relative contribution
level of each variable to the model in this study uses
two approaches: mean decrease impurity (MDI) and
permutation index (PI). Figure 10(a) shows the
results of the significance level of each variable in the
model with the MDI approach. The three variables
that have the most influence on the prediction model
are zoning number, distance to arterial roads, and
distance to CBD with MDI values of 0.20, 0.18, and
0.15, respectively, while the three variables that have
less influence on the prediction model are market
distance, distance to point of interest, and distance to
schools with MDI values of 0.06, 0.05, and 0.04,
respectively. Based on the MDI approach, it can be
interpreted that in the study area, zoning score is the
variable that most influences the value of land
parcels. The distance from the school variable is the
variable that has the least influence on the prediction
of land parcel value.

Figure 10(b) shows the results of the analysis of
the significance level of each variable to the
prediction model using the PI approach. The three
variables that have the largest relative contribution to
the prediction model are zoning number, distance to
arterial roads, and distance to CBD with PI scores of
0.32, 0.24, and 0.23, respectively, while the three
variables with the lowest relative contribution levels
are distance to urban collector roads, distance to point
of interests, and distance to schools with PI scores of
0.05, 0.04, and 0.02, respectively. Based on the PI
score, it can be interpreted that the zoning score
variable has the most influence on the prediction
model and the distance from the school variable has
the least influence on the prediction model.

In the context of property valuation, there are
several terms that define the quality of valuation. One
of the terms that can be used is margin of error
(MoE). MoE is the concept of acceptable inaccuracy
in the property valuation process. MoE can be
represented by the percentage variation or difference
between the prediction and the actual value. It can
also be represented with MAPE. According to [67],
the threshold for an acceptable property valuation is
less than 10%. In addition, the quality of property
valuation is also defined by the International
Association of Assessing Officers (IAAO) with the
coefficient of variance (COV) [61]. COV is a measure
of variance comparison with the average ratio
between predicted and actual values. The COV value
according to ITAAO is recommended to be less than
20%. Based on the results of this study, the MAPE
value of 3.48% means that it does not exceed the
MoE limit.
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Figure 10: Feature importance prediction model of land value;
(a) mean decrease impurity (MDI); (b) permutation index (PI)

Meanwhile, the COV value generated in this study is
4.87%. Thus, it can be interpreted that the land
valuation prediction model in this study can meet the
TIAAO standard criteria and the property valuation
margin error threshold.

Despite using the Bagging technique, which can
minimize overfitting in the RF algorithm, property
valuation cases experience overfitting problems
when using RF. Research by [68] found overfitting
problems when using several ML algorithms,
including RF. The study used ML algorithms for
house price valuation in Dar es Salaam, Tanzania. In
the study, the MAPE value on training and testing
data using the RF algorithm was 35.59% and 56.42%,
respectively. The percentage difference in MAPE
values on the two datasets is 45.27%. However, the
RF algorithm in the study is the best algorithm with
the lowest MAPE difference between training and
testing compared to linear regression, elastic net,
regression tree, boosting, neural network, SVM, and
nearest neighbor. There are several causes of
overfitting: 1) noise in the training dataset, 2) the
algorithm is too complex to learn a simple
relationship between dependent and independent
variables, and 3) too many iterations for the
induction-based algorithm such as boosting [69].
However, in this study, the difference in evaluation
values between training and testing data is not too
significant, which can be interpreted as free from
overfitting problems. The percentage difference in
the evaluation value between training and testing in
this study ranges from 0% to 15.25%. Where the
lowest percentage difference value is R’ and the
highest is COV.

This study involved variable selection by
examining the correlations between variables and
land values and then improving hyperparameter
values using Bayesian optimization. Bayesian
optimization is frequently used in black box issues
through a model to reduce the number of evaluation

functions due to its high computational capacity.
Consequently, Bayesian optimization can reduce the
time and cost of hyperparameter tuning experiments
[70]. Despite the absence of postprocessing through
regularization, the model used in this study
demonstrated accomplished land value prediction.

The accuracy of the predicted outcomes has been
validated by comparing them with the transactional
data. The wvalidation process involves MAPE
parameters and an R’ score. The validation results
showed that the MAPE was fairly low, with a value
of less than 20% [71]. Meanwhile, evaluating the R’
score provides results with high/strong influence,
specifically in the range of 49%-81% [72]. Regional
spatial planning zoning is the first variable that most
influences the land value. Zoning regulates space
utilization, where each zone is allocated by a detailed
spatial plan consisting of spatial patterns and
structures [73]. This zoning is related to land use for
community needs because activity sectors can
influence urban space. In scoring, the trade and
services area have the highest score because it has a
high land value. This is based on the economic
capabilities of land, its productivity, and economic
strategy [74]. Zoning is also related to the
development of an area where, because of greater
population activity, public facilities will increase to
support the welfare of the residents of Surabaya City.
Meanwhile, the variables market distance, distance to
point of interest, and distance to schools have less
influence on the model.

Besides internal data (testing dataset), this
research also uses external data for model validation.
Transaction data is the sale and purchase value
reported to the local land office, in this case, the
Surabaya Region II land office. This administrative
report data is very vulnerable to bias, because the
bargaining process can still influence the transaction
value [75]. Therefore, the transaction value is used as
external validation, not to build a prediction model.
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Valuation data by ISA is more reliable than
transaction data because it is a fixed cost unaffected
by the bargaining process. The actual transaction
value reported to the land office often differs from the
actual sale-purchase value. This is because it is
related to the application of sales and purchase tax,
which is often lower than the actual sales and
purchase value [76]. The number of points with a
ratio of value between predictions and transactions of
more than 1, which indicates that the transaction
value is lower than predicted, is 1,179 points or
52.31% of the total points. With this condition, there
is a significant difference at several points, with an
APE value of more than 20% when the prediction
data is compared to the transaction value. The highest
APE value in this external validation process is
34.94%. This exceeds the maximum MOoE, as
discussed earlier. The number of points with an APE
of more than 20% is 905 points or 40.15% of the total
data. However, in general, when the APE values are
averaged, the MAPE is less than 20%, 16.76%, to be
precise. Thus, it can be interpreted that the prediction
model still performs well despite validation with
external data, which have various limitations.

Previous studies in various regions have tested the
utilization of ML algorithms for property valuation.
Research by [25] used geographically weighted
regression (GWR), ordinary least square (OLS),
Lasso regression (LaR), Ridge Regression (RR),
ElasticNet, SVR, DT, RF, GB, XGBoost, and Multi-
Layer Perceptron (MLP) algorithms for house and
apartment valuation in Sydney, Australia. The GB
algorithm has the best performance of these
algorithms, with a MAPE of 7.38%. Meanwhile, the
MAPE for RF was 7.81%. Another study by [41] used
SVR, RF, XGBoost, and deep neural network (DNN)
algorithms for land valuation in Victoria, Melbourne,
Australia. In that study, RF had the best performance
with a MAPE value of 16.6%, and DNN had the
lowest performance with a MAPE of 57.3%. House
price valuation in Rotterdam using OLS and RF
algorithms was conducted by [77]. RF is the best
algorithm in the study, with an R? value of 0.74, while
OLS has an R’ of 0.61. Meanwhile, in this study,
using the RF algorithm for parcel-based land value
assessment in the case study of Surabaya City,
Indonesia, resulted in a MAPE value of 7.21% and R’
0.96. Although the model in this study performs
better than the three previous studies, it does not
necessarily have the same performance when applied
to the three cases; it could be lower or higher, even
the same. This is due to the limitations of ML
prediction models for generalization to other case
studies, which have different characteristics from the
training data in a particular case study.
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Therefore, other prediction models or RF testing
should be used in other case study locations,
especially in Indonesia.

This research selects samples by reconstructing
the entire sample and selecting training and testing
sets at random. Utilizing the sample land value data
from 2022, which could be trained for valuing land
by 2023. However, our access to information is often
limited when evaluating land valuation practices. To
resolve this issue, transparent and efficient land value
data modeling performance is required. Despite the
limitations of the land value due to the incomplete
PTSL, this study can generate a model for an accurate
prediction of the land value. This research takes a
case study in Surabaya City, representing the
characteristics of a reasonably complex city in
Indonesia. Applying the RF algorithm for land
valuation in Surabaya City produces reasonably good
performance.

However, modeling using the ML algorithm is
highly dependent on the conditions and
characteristics of the training data. An RF algorithm
that performs well for land valuation in Surabaya
City may not necessarily perform well for other case
study applications. There are several limitations of
the RF algorithm as consideration for using the same
algorithm for land valuation in other case studies,
namely: 1) RF only minimizes variance, not bias, so
it is susceptible to data containing bias[78]; 2)
Algorithm performance is highly dependent on
hyperparameter  settings [79]; 3) Requires
dimensionality reduction settings to minimize
overfitting problems [80]; 4) Heavy computational
cost when using large datasets or large number of DT
and DT depth hyperparameter settings[81]; and 5)
reduced performance when dealing with high-
cardinal categorical data [82]. In addition, land
values are highly dependent on temporal variations.
Parcel-based land value in this study uses training
data in 2022, and the value needs to be updated
continuously and annually, considering dynamic
urban development.

5. Conclusions

This study aims to ascertain the variables that exert
an influence on land value and develop a predictive
model for urban land value in Surabaya City. This
chapter has presented the significance and influence
of variables in ascertaining land value. Various
factors have demonstrated efficacy in regulating the
variability of land value. Three of the nine variables
considered are road width, zoning, and distance to the
CBD. The land value model with the RF algorithm
demonstrates promising predictive capabilities that
can be effectively used in Surabaya City.
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The values of MAE, MAPE, R?>, COV, and PRD for
each test dataset have been calculated as 39.25 USD,
7.21%, 0.96, 4.87%, and 1.02 respectively. Based on
the validation process with transaction data, it was
discovered that the prediction model continues to
perform well regarding MAPE and R’ scores, with
values of 16.76%. and 0.72, respectively. Although
certain aspects were not considered in this study,
such as bargaining in the purchase and sale process,
the model can still predict the actual land value
effectively.

The most interesting finding of this research is
that it can predict the value of land parcels. To
address a practical question, the RF algorithm can
serve as a tool for individualized valuation that is
both relevant and efficient. This means that it can be
applied to locations with characteristics like the area
studied in this research case. Several land parcels still
need to undergo the PTSL process, but land valuation
must be conducted immediately. Overall, this study
systematically highlights the advantages of the RF
algorithm in predicting urban land valuation. The
limitation of this research is that it only uses a single
algorithm for land parcel value modelling, namely
RF. RF has shown excellent performance in urban
case studies, especially Surabaya City, Indonesia.
Experimental research to evaluate other algorithms is
recommended because a model that performs well in
this research is not necessarily suitable for other case
studies. This is because modelling with ML
algorithms is very sensitive to the characteristics of
the training data. Another limitation of the study is
the availability of variable data for land value
prediction. Therefore, further research is needed to
add variables related to the internal characteristics of
land parcels, such as land tenure.
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