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Abstract
Geographic location and neighbourhood attributes are major contributors to residen-
tial property values. Automated valuation models (AVM) often use hedonic pricing 
with location and neighbourhood attributes in the form of numeric and categorical 
variables. This paper proposed a novel approach to automated property valuation 
using a machine learning model with a convolutional neural network (CNN), fully 
connected neural network layers with numeric and categorical variables. In this 
study we compare the results of a fused model, which treat geographical data as an 
input with the performance of the baseline neural network model with only numeri-
cally or categorically represented data. Furthermore, the residential valuation by the 
proposed fused model was tested with actual sold price data in Greater Sydney, Aus-
tralia. The study found that the fused model produced valuations with a significantly 
lower mean absolute percentage error (MAPE) (8.71%) than the MAPE of the base-
line model (11.59%). The results show that the fused model with CNN significantly 
improves the accuracy for residential valuation, reducing spatial information loss by 
data manipulation and distance calibration. 

JEL Classifcation  C31 · O18 · C31 · R32

1  Introduction

Residential property accounts for three-quarters of the total global real estate 
value of US$217 trillion (Barnes and Tostevin 2016). In Australia, the context of 
this research, this value exceeds US$7 trillion. An accurate residential valuation 
is crucial for a diverse range of stakeholders, both the supply side (e.g. financial 
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institutions) and the demand side (e.g. developers and purchasers). Owner-occupied 
dwellings in Australia were the largest asset held by households accounting for 
42% of their total assets in the financial year of 2017–18 (Australian Bureau of 
Statistics 2019). Major banks rely on property valuation to make lending decisions 
on mortgages (Scheurwater 2017), and they are a major user of real estate valuation 
services. Warren and Elliott (2005) reported that about 60% of property valuation 
services in Australia occur for banks and mortgage companies. For better decision 
making, real estate agents and potential homeowners require accurate and reliable 
property valuation. Furthermore, government agencies assess annual residential 
values for taxation purposes, and policymakers can measure the impact of new 
infrastructure provision such as public transport facilities on ‘value uplift’ (Lieske 
et al. 2019; Leao et al. 2021).

Given the importance of accurate residential valuation, studies have focused on 
the determinants of house prices and quantified the magnitude of each determinant 
on house prices using hedonic price models (HPMs) (Mulley et  al. 2016; Lieske 
et al. 2019). Location and neighbourhood attributes are perceived as major determi-
nants of residential prices and have been included as numeric and categorical vari-
ables in HPMs (Bartholomew and Ewing 2011). However, such variables may lead 
to information loss and compromised valuation when geographical data is arbitrar-
ily quantified as numeric and categorical variables. Kopczewska (2021) pointed out 
that while classic statistical approaches such as HPMs are commonly used in urban 
and regional studies, along with an increasing number of geographically weighted 
regression driven models (Lu et al. 2014; Wu et al. 2019), machine learning (ML) 
based on a black-box testing approach is less frequently studied in the field. In con-
trast, machine learning approaches have been rigorously tested and applied in areas 
such as epidemiology, ecology, geology and climate change.

Recently, several studies have investigated a machine learning approach to urban 
modelling, and its predictive capability has extended to other fields of regional 
science such as land surface temperature (Osborne and Alvares-Sanches 2019), 
classifying land use (Jochem et  al. 2018), evaluating the built environment (Liu 
et  al. 2017), evaluating streetscape (Lieu et  al. 2021), understanding patterns of 
gentrification(Reades et al. 2019) and predicting property prices (Lock et al. 2020). 
Despite the limited interpretability of machine learning models, machine learning 
has an advantage of accurate prediction from its ability to consider multilevel inter-
actions and nonlinear relationships between input data and its capability to process 
various forms of data (Hu et al. 2019). A convolutional neural network (CNN) is a 
subset of machine learning, and its deep learning algorithms are designed for pro-
cessing structured arrays of big data such as images, speech, or audio signal inputs. 
This paper examines the potential of convolutional neural networks (CNNs) in prop-
erty valuation using geographical data as an input in the machine learning approach.

Existing CNN models for property valuation have used image data such as pho-
tographs of the house, street views, or birds-eye views as inputs (Kang et al. 2020; 
Kostic and Jevremovic 2020). However, geographical data has not been used as 
input data for CNNs in residential property valuation models.

First, geographical layers of the surrounding area of the target house, such as dis-
tribution of points of interest (POI), demographics and land control, are fed into an 



581

1 3

Machine learning approach to residential valuation: a…

optimal CNN to extract the spatial information. Traditional housing features, such 
as structural characteristics of the house, neighbourhood, and land features, are all 
processed by a multilayer perceptron (MLP). Finally, the information extracted by 
the CNN and MLP is combined to predict the house price. The novel contribution 
of this paper is twofold: (1) we demonstrate the superiority of neural network-based 
methods in the accuracy of residential valuation; and (2) we reduced the information 
loss by feeding a diverse range of geographical data directly into the model instead 
of considering it in the form of numeric and categorical variables. To the best of our 
knowledge, this is the first study to apply geographical layers in residential valuation 
using a CNN model.

2 � Literature review

2.1 � Residential valuation models

The hedonic price model (HPM) is the most widely used model in residential valu-
ation because of its consistency and straightforwardness (Bartholomew and Ewing 
2011). The hedonic price model is extended from Alonso’s (1964) bid-rent theory, 
which shows the trade-off relationship between accessibility to the central business 
district (CBD) and expected rental yields (Evans 1995). Rosen (1974) proposed the 
HPM to estimate the impact of various housing characteristics on residential prices 
beyond the impact of accessibility to the CBD. The traditional HPM is based on 
ordinary least squares (OLS) regression, and its coefficients show how much value 
changes by each unit of an attribute increasing or decreasing. House price in the 
HPM is generally regarded as a set of the characteristics of houses that contributes 
to an equilibrium price between sellers and buyers (Seo 2019). In particular HPMs 
need statistical assumptions on data distribution and linear relationships between 
dependent and independent variables. Statistical bias and incorrect inferences can 
be produced when these assumptions are violated (Li et al. 2012). HPMs also have 
the risk of multicollinearity, which exists when there is a high correlation between 
several independent variables (Grover 2016). Multicollinearity issues can lead to 
unstable hedonic prices of independent variables, which reduces the advantage of 
the HPM in interpretability (Powe et al. 1995).

Advanced HPMs have been used to control spatial effects such as spatial depend-
ency and heterogeneity. Conventional HPMs have spatial autocorrelation among 
residuals, and it violates the assumption of independent residuals among observa-
tions and may lead to inaccurate results (D’amato 2017). Spatial autocorrelation 
occurs because relationships between neighbouring areas are spatially dependent as 
neighbouring zones are likely to have similar external factors such as neighbourhood 
and attributes (Bourassa et al. 2007). To overcome the issue of spatial dependency, 
spatial lag or spatial error terms have been introduced in HPMs (Feng and Hum-
phreys 2012; Brennan et al. 2014).

Another spatial effect is spatial heterogeneity which refers to the spatially non-
stationary distribution of the coefficients of HPMs (D’Amato 2017). To deal with 
spatial heterogeneity, moving window regression (MWR), geographical weighted 
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regression (GWR), and eigenvector spatial filtering (ESP) have been used. MWR 
estimates local regression and coefficients of attributes using neighbouring obser-
vations. In MWR, neighbouring observations are included with equal weight (Páez 
et al. 2008). GWR, as proposed by Fotheringham et al. (2003), added distance-based 
weights to MWR to more effectively address the heterogeneity issue (Helbich and 
Griffith 2016) and has been applied in residential valuation studies (Hu et al. 2016; 
Mulley et al. 2016). However, the reliability of coefficients due to multicollinearity 
among independent variables is consistently noted as a weakness of GWR (LeSage 
2004).

2.2 � Considering external factors of residential price in valuation models

Determinants of residential value can be characterised into three categories: 1) struc-
tural attributes, 2) location attributes, and 3) neighbourhood attributes (Dubin 1988; 
Lieske et al. 2019). Structural attributes are variables related to the structure of the 
house itself and often include variables such as the number of bedrooms, bathrooms, 
garages, floor area, built year, and presence of guest parking.

Location and neighbourhood attributes can be grouped as external factors related 
to the location of the house and its surroundings (Bartholomew and Ewing 2011). 
Location attributes are typically defined as accessibility to the amenities that 
considerably impact residential value. Most studies have used one of the measures 
of accessibility: 1) distance to the closest amenity (AlQuhtani and Anjomani 2019; 
Hu et  al. 2019), 2) existence of the amenity within a certain distance (McIntosh 
et al. 2014; Mulley and Tsai 2017), and 3) density of the amenities (Li et al. 2019; 
Yang et al. 2019) (see Fig. 1). These studies found a significant relationship between 
residential price and accessibility to amenities, including transportation, shopping 

Fig. 1   Example of various measurements. a and information loss b of location attributes
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centres, medical services, education facilities, and the city centre (AlQuhtani and 
Anjomani 2019, Hu et al. 2019; Yang et al. 2019).

Despite this, some studies have criticised the limitations of quantifying loca-
tion attributes as numeric and categorical variables. Sadayuki (2018) and Hu et al. 
(2019) pointed out that each measurement of locational attributes represents differ-
ent information about amenities such as distance to and distribution of amenities. 
Therefore, they can have a divergent impact on the hedonic price model. Similarly, 
Yuan et  al. (2020) addressed that these measurements of location attributes could 
not provide the comprehensive effects of amenities on residential price but only part 
of them. For example, in measuring the distance to the closest amenity, additional 
amenities beyond the closest one are assumed to have no contribution to residential 
price. Furthermore, buffers for density or using dummy variables for the existence 
of amenities is usually determined in an arbitrary and heuristic manner (Sadayuki 
2018; Lieske et al. 2019).

Furthermore, predefined geographical boundaries such as jurisdictional or statis-
tical areas may misinterpret the magnitude of neighbourhood attributes (e.g. house-
hold income, employment, education and crime) to the property price. Neighbour-
hood features used in the previous studies often consider only the neighbourhood 
the house is in, even though residential value can be affected by the characteristics 
of surrounding neighbourhoods. For a house located at the edge of a neighbourhood, 
this problem is more prominent. Some studies on residential valuations considered 
neighbourhood characteristics such as socioeconomic and demographic status using 
a spatial Durbin model (Mussa et al. 2017; Copiello 2020).

2.3 � CNNs for residential valuation

Recent studies have applied machine learning models to residential valuation. Gen-
erally, machine learning models do not need strict statistical assumptions and are 
more capable than HPMs of analysing the nonlinear relationship between residential 
price and its attributes (Li et al. 2012; Chen et al. 2017). In particular, several stud-
ies showed the improved performance of the residential valuation model by employ-
ing a convolutional neural network (CNN) which is one type of deep neural net-
work. A CNN specialises in capturing spatial patterns (LeCun et al. 2015) and has 
an advantage in the efficient processing of 2-dimensional data such as images. Stud-
ies using CNNs used outdoor and indoor images of houses (Kang et al. 2020, Kostic 
and Jevremovic 2020), street view images of the neighbourhood (Law et al. 2019; 
Kang et al. 2020) and birds-eye view images of the surrounding area (Bency et al. 
2017, Kostic and Jevremovic 2020) as input for the neural network.

In these studies, CNN has two purposes. First, most of these studies use a 
CNN to extract visual features of the house and neighbourhood, or specific con-
cepts such as neighbourhood safety (De Nadai and Lepri 2018) and luxury home 
features (e.g. landscaping) (Poursaeed et  al. 2018), which are usually not con-
sidered in a hedonic price model. For example, Kang et al. (2020) extracted the 
visual features from internal house photos and street view images using a CNN 
and included them in their residential valuation model. Poursaeed et  al. (2018) 
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showed that the performance of residential valuation is improved by including 
visual luxury home features measured by a CNN using house photos from Zillow, 
a leading online real estate valuation company in USA.

Secondly, other studies used a CNN to gain information on more comprehen-
sive features of the surrounding area of the house. Bency et al. (2017) included 
features extracted from a CNN using satellite images of the surroundings in their 
valuation model of residential property, rent and sales price in UK cities, arguing 
that satellite images can provide contextual information on the neighbouring area. 
They showed the model is superior to the spatial autoregressive (SAR) model, 
and using a wider surrounding area of the target house improved model perfor-
mance. Similarly, Bin et al. (2019) included street maps in their CNN-based valu-
ation model to consider latent geographical features from the open street map and 
a birds-eye view image of the neighbourhood.

In summary, previous studies on residential valuation have shown significant 
relationships between housing price and external factors, including location 
attributes and neighbourhood attributes. However, information on these external 
factors might be lost while measuring them as numeric or categorical variables in 
conventional valuation models, and thus lead to a less accurate valuation model. 
Meanwhile, despite CNNs being recently applied to residential valuation mod-
els, the models have focused on including visual features extracted from images, 
such as outdoor and indoor images of houses, street view images and birds-eye 
view images rather than geographical layers, especially the surrounding ameni-
ties which are closely related to house prices. Our research approach focused on 
the application of CNN for modelling geographically relationships for improving 
residential value prediction.

3 � Study area

This study applies the proposed framework to Greater Sydney, NSW, Australia. 
The Sydney metropolitan area is approximately 12,300 sq km, with a population 
of 5.3 million in 2019. According to Demographia’s housing affordability survey, 
Sydney is one of the most expensive cities in the world and the most expensive 
city in Australia (Cox and Pavletich 2020). Population growth in Greater Sydney 
is one of the main contributors to its dynamic property market. Between 2001 and 
2019, the population in Greater Sydney has risen by about 30% from 4,102,580 to 
5,312,163, and it is one of the liveable cities in the world (The Economist Intel-
ligence Unit 2019). Various geographical and big data is available for Sydney. 
For example, APM, a Sydney-based company, provides historical sales data with 
various property attributes. This study uses residential property transaction data 
in 2018 for the Greater Sydney area acquired from APM under a research license. 
The data includes sales price in Australian dollars, sales date, and the geographic 
location of houses. Of the total 44,128 records, 1793 records were excluded 
because their surrounding area was located outside Greater Sydney, where data 
is limited.
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4 � Analytical framework

To alleviate the information loss discussed in previous sections, this paper proposes 
a fused model based on MLP and CNNs to comprehensively characterise the loca-
tion and neighbourhood information of a target house from geographical data.

Figure 2 shows the proposed framework for data manipulation and modelling in 
the fused model. First, residential sales data (Australian Property Monitors, APM) 
and various geographical data including Australian Bureau of Statistics(ABS) 
Census, land zoning, point of interests(POIs) are processed into numeric and 
categorical variables about structural, location, neighbourhood characteristics of the 
house as input data for MLP. Geographical data is also manipulated into multiple 
layers of geographical raster layers as input data for CNN. The fused model structure 
consists of three parts: 1) an MLP, 2) an CNN, and 3) networks of fully connected 
layers. The CNN which is main novelty of this paper extracts the features from 

Fig. 2   Modelling framework
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multilayers of geographical data. Multiple geographical data were processed to raster 
shape geographical layers to unify the form of data and to have similar structure 
with imagery data which is usual input data of CNN. These raster geographical data 
include location and neighbourhood attributes of surrounding rectangle area of the 
target house. MLP uses numeric and categorical variables, which have been widely 
used in conventional residential valuation models, as inputs. MLP includes variables 
about location and neighbourhood characteristics as well as structural characteristics 
of the house. Then, the features extracted by MLP and CNNs are concatenated and 
input into the fully connected layers.

4.1 � Multilayer perceptron model

The MLP is a type of neural network that has multiple hidden layers. It has an input 
layer, multiple hidden layers, which are fully connected layers, and output layers. 
Each hidden layer consists of multiple hidden nodes, which are neurons. Each neu-
ron multiplies values from previous layers with weights and feeds them to the next 
layer. The function of each neuron can be described as follows:

where a is the output of the neuron, f  is the weight, x is the input of the neuron from 
the previous layer, b is bias, and �(⋅) denotes the activation function.

4.1.1 � Input data for multilayer perceptron (MLP)

The input for MLP is numeric and categorical variables related to structural, location 
and neighbourhood characteristics, as shown in Table 1. Structural attributes include 
information on land size, the number of bedrooms, the number of bathrooms, and 
the existence of parking from APM data. Structural characteristics are only included 
in the input of MLP and not included in the input of CNNs. Location attributes were 
calculated in measurements of distance to amenities and the data about the existence 
of amenities, using points of interest, transmission lines, and easement in land use. 
The geographical data is extracted from the New South Wales Land and Property 
Information government agency (NSW LPI). We used a total of 45 variables as loca-
tion attributes for amenities, including city centres, schools, shopping centres, transit 
stations, and hospitals—See Table 1.

Neighbourhood attributes can be grouped into demographics, crime, education 
quality, and land control. The demographic data was sourced from the 2016 
Australian Census at the Statistical Areas Level1 (SA1s). SA1s are irregular 
shaped geographic areas with a population of 200 to 800 people, and there are 
61,845 SA1 in Australia (ASGS, 2021). Majority of SA1 is residential area with 
a density of over 200 per square kilometre in urban area and residential area with 
a density of below 200 per square kilometre in rural area. Some SA1 areas having 
nil population such as airports, ports, and natural area including national parks and 
lakes. Three neighbourhood attributes were measured at SA1 level: median weekly 
family income, Percentage of the population aged 65 above, and Percentage of 

(1)a = �(fx + b)
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the population born overseas. To adequately measure local education quality, the 
National Assessment Program—Literacy and Numeracy (NAPLAN) scores of 
public primary and high schools and relevant school catchments were collected. 
The quality of education is measured as the highest NAPLAN score of the primary 
school and high school within the school catchment of the house. Lastly, we also 
considered crime rates (number of crimes divided by population) of the Suburbs and 
Localities (SAL) areas where the house is located. Boundary of SALs are defined by 
State and Territory governments of Australia, and total 15,353 SALs cover the whole 
of Australia. The land use at the location of the target house is also considered.

4.2 � Convolutional neural network

Compared to other neural network algorithms, a CNN is characterised by convolu-
tional layers and pooling layers. In convolutional layers, neurons compute the output 
value that is connected to the spatial location (i, j) of the input. The output of neu-
rons in a convolutional layer ai,j can be defined as follows:

F is a kernel with weights, X is the input of the neuron, which are input geographi-
cal data or feature maps from the previous convolutional layer, b is bias, and �(⋅) 
denotes the activation function, which is a nonlinear function. The sigmoid function 
is applied as an activation function throughout this study. The notation of the sig-
moid function is as follows:

The pooling layer performs down sampling feature maps from convolutional lay-
ers to reduce competitive cost and over-fitting. Max pooling, which is the most com-
mon, is applied in this study. Max pooling divides a features map into a local rec-
tangle region and makes a summarised feature map with maximum values of each 
region.

Neural network models, including CNNs and MLP, minimise loss function L by 
updating weights and bias of neurons by repeating training. In this study, the follow-
ing loss function was applied to reduce the errors of residential price and standard 
deviation of residential price errors:

where Ŷi is predicted price, Yi is the actual price, and N is the number of observations.
In each iteration of training, weight and bias are updated to reduce the loss by gra-

dient descent optimisation algorithm and backpropagation algorithm, which calculate 
gradient descent backwards through the network to minimise the cost of the network 
(Goodfellow et al. 2016). Adaptive moment estimation (Adam) optimiser, which is the 
most frequently used optimisation algorithm, is applied throughout this study. Adam 

(2)ai,j = 𝜎
(
(F ⊗ X)i,j + b

)

(3)�(x) = 1∕(1 + e−x)

(4)L

(
Yi, Ŷi

)
=

√√√√√ 1

N

N∑

i=1

(
Ŷi − Yi

Yi

)2



589

1 3

Machine learning approach to residential valuation: a…

is an optimiser that applies momentum and an adaptive learning rate to prevent fall-
ing into a local minimum, which is a limitation of the basic gradient descent optimiser 
(Roodposhti et al. 2019).

4.2.1 � Input data for the convolutional neural network (CNN)

The input for the CNN is the multilayers of geographical data about location and 
neighbourhood attributes within a 9.6 km×9.6 km surrounding rectangle area. The 
size of the input data of CNN was selected based on the network architecture of 
the fused model and available computational resources. To unify different forms of 
geographical data such as point and various shapes of polygons, geographical layers 
were processed to raster shape geographical layers consisting of 9216 raster cells of 
100 m×100 m. Table 2 lists the types of variables included in each cell, and Fig. 3 
illustrates an example of the proposed input of the CNN.

As a measurement of location attributes, the number of amenities in each ras-
ter cell is calculated using POI data from NSW LPI. For each house, the input for 
the CNN is 9216 raster cells surrounding the target house. Therefore, the cells can 
provide geographical information related to amenities, including the proximity to 
amenities and distribution of amenities around the house. Additionally, each raster 
cell includes three demographic variables from the 2016 Australian Census: median 
weekly family income, percentage of population aged above 65 years, and percent-
age of the population born overseas. Lastly, we also considered the land control 
instrument as a neighbourhood attribute by employing average maximum building 
heights on the raster cell and the area of land zonings in the raster cell. The land 
control variables for each raster cell were sourced from the NSW Department of 
Planning and Environment (DPE).

5 � Validation approaches

To evaluate the model performances, we employed performance measurements 
referring to previous studies that compared multiple models in terms of valuation 
accuracy (Hu et  al. 2019; Tan et  al. 2019). Model performance was evaluated by 
three measurements: mean absolute percentage error (MAPE), R2, and percent pre-
dicted error (PPE) within 5%, 10% and 20%. Percent predicted error within % is the 
proportion of observations within a certain level of absolute percentage error (e.g. 
5%, 10%, 20%). MAPE, R2, PPE can be defined as follows:

(5)MAPE =
1

N

N∑

i=1

|||Ŷi − Yi
|||

Yi

(6)R2 = 1 −

∑N

i=1

�
Yi − Ŷi

�2

∑N

i=1

�
Yi − Yi

�2
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where N is the total number of observations; Yi and Ŷi are the actual price and pre-
dicted price of residential property i ; and Yi is the average value of the actual price; 
Len represents the number of observations meet the requirements in the parenthesis;

We also considered the coefficient of dispersion (COD) and price-related differential 
(PRD), which are used as international benchmarks to measure (in) equity and uni-
formity of results. COD indicates horizontal uniformity of valuation result, which is 
equal regardless of the value of individual parcels, and PRD measures vertical uniform-
ity considering systematic differences between low and high value properties (Interna-
tional Association of Assessing Officers 2017). COD and PRD are defined as follows:

(7)
PPEx =

Len(
|Ŷi−Yi|

Yi
< x%)

N

(8)COD =
1

N

N∑

i=1

|||Ŷi∕Yi −Median(Ŷi∕Yi)
|||

Median(Ŷi∕Yi)

(9)PRD =
1

N

∑N

i=1

�
Ŷi∕Yi

�

∑N

i=1
Ŷi∕

∑N

i=1
Yii

Fig. 3   Example of input for CNN: the location of house (a), existence of ocean (b), rail station (c), 
family income (d), business land use (e)



592	 H. Lee et al.

1 3

6 � Experimental design, results and analysis

6.1 � Experimental setting

In this study, our proposed framework, which integrates MLP and CNNs, is com-
pared to the single MLP methodology. The single MLP is used as a benchmark 
model, referred to as Model 1, and the proposed fused model is referred to as Model 
2. Comparing Model 1 and Model 2 in terms of the accuracy of residential price 
estimation quantifies the contribution of additional information of location and 
neighbourhood features that are not included in numeric and categorical variables. 
During the experiments, the dataset is firstly randomly split into training and testing 
dataset (75:25), and the cross-validation technique is used for hyperparameter tun-
ing. To avoid the issue of spatial autocorrelation in using spatial data, and to train 
a generalizable model, spatially stratified split is usually recommended in splitting 
training and validation datasets over random split. A spatially stratified split dimin-
ishes the probability that the observations which have autocorrelation with observa-
tion in the training set are included in the validation set. It is because observations in 
training set which are spatially correlated observations in validation set can provide 
“sneak preview” and it can result in an over-optimistic validation result and poor 
performance in testing (Lovelace et al. 2019; Salazar et al. 2022). However, the pur-
pose of AVM in most cases is estimation of current price of houses in existing hous-
ing market rather than estimating housing prices in new market (e.g. other countries 
or cities). Also, most of related studies randomly split training and validation data-
sets (Bency et al. 2017, Bin et al. 2019, Hu et al. 2019, Kang et al. 2020, Kostic and 
Jevremovic 2020, Gao et al. 2022). In this context, we randomly split train and vali-
dation data instead of using spatially stratified split.

Both Model 1 and 2 are trained in Python using TensorFlow and Keras which are 
Python libraries for neural networks modelling.

Figures 4 and 5 illustrate the structure of the MLP (Model 1) and the fused model 
(Model 2). The applied MLP has a total of four hidden layers, and each layer has 32, 
64, 32, and 16 hidden nodes. The CNN has three convolutional layers and pooling 
layers, and each convolutional layer includes 16, 32 and 64 kernels with the size of 
3 × 3 for each kernel. Also, 2 × 2 max-pooling layers are used between convolutional 
layers along with batch normalisation to prevent ‘gradient vanishing’, which may 
downgrade the performance of the neural network (Ioffe and Szegedy 2015).

The sigmoid activation function is applied, and Adam optimiser is employed as a 
gradient descent algorithm throughout the two models in common. The learning rate 
of both models is 0.001, and the model was trained using mini-batch sizes 32.

Fig. 4   Structure of Model 1
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6.2 � Experimental results and discussion

Table  3 shows the modelling results using the testing set. Model 2 performs bet-
ter than Model 1 in measurements of residential valuation accuracy, based on 
MAPE (changes from 11.59 to 8.71%), R2 (changes from about 0.83 to 0.88), PPE5 
(changes from 33.57 to 49.89%), PPE10 (changes from 55.92 to 69.71%) and PPE20 
(changes from 82.16 to 88.53%). In terms of accuracy of the models, Model 2 shows 
2.88% less MAPE which is an improvement in accuracy compared to Model 1. 
Although it could be perceived as a minor improvement, it is an improvement that 
can reduce significant costs in the housing market considering the size of the resi-
dential real estate market. Also, recent studies related to this study show a similar 
level of improvement in their results. Bin et al. (2019) suggested an improvement of 
2.6% in MAPE between the baseline model, a boosting regression model (20.1% in 
MAPE), and Attention-based Multi-Modal Fusion (AMMF) that a proposed method 
in this study. Poursaeed et al. (2018) trained CNN to measure the luxury level of the 
area at the house such as the bedroom, bathroom, living room, and kitchen using 
pictures of the house. In the results, by adding the CNN to the existing model, the 
median absolute percentage error (MdAPE) was decreased by 2.4% from 8.0 to 
5.6%. The results of the related studies above can underpin that the improvement in 
this study is significant.

In terms of uniformity, both models show a COD value lower than 15%, 
which is the COD value for single-family homes and condominiums advised 
by the International Association of Assessing Officers (IAAO) (International 

Fig. 5   Structure of Model 2
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Association of Assessing Officers 2017). COD in Model 2 (8.74%) outperforms 
Model 1 (11.67%). Furthermore, PRD in Model 2 (1.02) also had a smaller PRD 
than Model 1 (1.04), which means the results of Model 2 have smaller variability 
than Model 1 and the PRD value of Model 2 falls in the acceptable range for 
PRD of 0.98–1.03 that provided by IAAO. On the other hand, the PRD value of 
Model 1 is higher than acceptable range. It means Model 1 has a tendency that its 
assessment ratios decline with higher price.

Figure 6 shows the distribution of the actual price and predicted price of each 
transaction using Models 1 and 2. In this figure, transactions are categorised into 
four groups by their absolute percentage error (APE). The distribution of results 
using Model 2 (Fig. 6b) is more correlated with actual price than the result using 
Model 1 (Fig. 6a). A correlation test between prediction and actual price shows 
Model 2 has a correlation of 0.9384 with the actual price, which is 0.0234 higher 
than the result from Model 1 (0.9150). Model 2 has 49.89% of the observations 
with absolute percentage error less than 5%, while Model 1 has 33.57%.

Figure  7 shows the relationship between the number of observations in the 
training set and the valuation performance of Models 1 and 2. Both models offer 
the best performance in houses valued under Aus$2 million, which is 88.36% 
of the validation observations, and MAPE of both models steadily increased 
in houses over A$2 million. It might be because the determinants of prices of 
high-priced houses and their magnitudes are different from those of relatively 
inexpensive houses, and more observations are needed to train the model. 
Comparing Models 1 and 2, Model 2 outperformed Model 1 in terms of MAPE, 
especially in houses valued under $4.5 million. However, for houses over A$4.5 
million, the performance of Model 2 is similar to Model 1.

7 � Conclusion

The study proposed a fused neural network model based on both the neural net-
work of CNNs and MLP using geographical data with numeric and categorical 
variables. The performance of the proposed fused model was compared to the 

Table 3   Modelling result Performance 
measurement

Model 1 
(MLP)

Model 2 (Fused 
Model of MLP 
and CNN)

Improvement 
between Model 1 
and Model 2

MAPE 11.59% 8.71%  − 2.88p.p.
R2 0.8276 0.8786 0.0510
PPE
 5% 33.57% 49.89% 16.39 p.p.
 10% 55.92% 69.71% 13.80 p.p.
 20% 82.16% 88.53% 6.28 p.p.

COD 11.67% 8.74%  − 2.93 p.p.
PRD 1.04 1.02  − 0.02
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MLP model, which is a baseline model. The model results show that the accu-
racy of residential valuation has been significantly improved by including a CNN 
with geographical data. The study found that a CNN in the fused model reduces 
information loss in transforming geographical information into numeric and cat-
egorical data. As the input data, the CNN uses a range of geographical data, such 
as the distribution of location and neighbourhood characteristics. This allows the 
CNN to capture the extended geographical patterns such as clusters of facilities 
and access to amenities. The fused model results show reliable and accurate val-
uation and improve automated valuation models (AVMs). The proposed frame-
work also has applications for other research problems using geographical data 
and considering spatial externalities from the surrounding area.

Despite the above contribution of this study, there are limitations. The major 
limitation of this study is the interpretability of modelling results. The limita-
tion of the machine learning model is caused by modelling the complex relation-
ship between input data and a trade-off between interpretability and completeness 
(Gilpin et al. 2018). This study focuses more on reducing information loss within 
a given dataset to improve the performance of the residential valuation model. 
However, it is also important to mitigate the problem of unobserved information, 
including omitted location, neighbourhood features and visual features.

Also, there is a lack of exploration of the structure and hyperparameter of the 
model and input data selection. The proposed fused model requires a longer com-
puting time to train than hedonic price and other machine learning models. To 
train the fused model, it takes about 30 h (1100 iterations at about 100 s per itera-
tion) in a high-performance computing environment with 4 Tesla-V100 GPU, 32 
CPU, and 184 GB memory.

Further studies are required to test various model structures, size of geographi-
cal input data, different grid sizes of geographical raster data, input data selec-
tions where the high-performance computing challenges the computing barriers. 

Fig. 6   Comparison between actual price and predicted price: a Model 1, b Model 2
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Moreover, visual features and image processing of house materials, landscape, front 
street view, and birds-eye view on neighbouring houses could further improve the 
performance of the fused model.
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