Aircraft Noise and Residential Property Values

An Artificial Neural Network Approach

By Alan Collins and Alec Evans*

1. Introduction

This paper has two main aims. First, it seeks to outline the theory and application of
artificial neural networks (ANN5) as a tool within the economic analysis of transportand
environmental problems. Secondly, it presents the findings of an application of ANNs in
the context of discerning the effect of aircraft noise on residential property values.

Various studies have explored or surveyed work on the effect of noise on residential
property values, including, among others: Walters (1975); Pearce (1978); Nelson (1980);
O’Byrne, Nelson and Seneca (1985); Pennington, Topham and Ward (1990); and Uyeno,
Hamilton and Biggs (1993). These studies are framed around the use of hedonic
regression as outlined in Johansson (1987), and Pearce and Markandya (1989). The
consensus view that seems to have emerged from these studies is that aircraft noise has
a small, negative, but statistically significant effect on house prices. Amongst the
exceptions to this view is that represented by the work of Pennington ez al. (1990) based
on house price data from the area around Manchester International Airport. Their study
suggested a low negative and weak relationship between aircraft noise and house prices,
but they found that their results were not robust. Following the inclusion of neighbour-
hood/locational characteristics, which are important and statistically significant in house
price determination, the noise variable became insignificant. The suggestion was that
noise is inextricably bound up with other more important neighbourhood/locational
variables, and its effect cannot be reliably distinguished from other residential property
value determinants.

This paper challenges that suggestion by applying neural computing techniques todata
from the same source, but processed to allow more effective use of ANNS in the analysis.

*  The authors are, respectively, Senior Lecturer, Department of Economics, University of Portsmouth, and
Deputy Director of Valuation, DTZ Zadelhoff, Frankfurt. The authors are grateful to Robert Ward and Neville
Topham for making available their original data set for this study; to colleagues John Randall and Ruth
Hawkesworth for help with the diagrams; to Howard James for his expert technical advice; and to the editor
and an anonymous referee for very helpful comments and suggestions.
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This approach revealed a distinct noise effect on house prices distinguishable from
neighbourhood effects. Itis argued that the noise value effect appears to be more complex
than was considered inPennington et al. (1990), and that this effect can be better discerned
via the application of ANNs, because of their powerful abilities for pattern recognition.
In particular, the effect of noise on the value of different types and sizes of property over
arange of neighbourhood classifications can be assessed.

This work also responds to some of the key suggestions for further research on the topic
as set out in Uyeno et al. (1993), namely, refining independent variables for certain
characteristics and the use of more sophisticated alternative functional forms, althoughin
this case the functions exist only within the multi-dimensional black box of the ANN.

The organisation of the paper is as follows. Section 2 describes the technical basis and
use of ANNs. Section 3 puts the present neural computing-based study in the context of
the work of Pennington et al. (1990), and their use of conventional hedonic regression.
Section 4 details the method followed in the study presented in this paper. Section S is a
discussion of the results of this study. Conclusions and directions for future research are
presented in Section 6.

2. Artificial Neural Networks

Detailed expositions of the theory and application of ANNSs are provided by Rummelhart
and McClelland (1986), Beale and Jackson (1990) and Hecht-Nielsen (1990). For the
purposes of this paper, therefore, only a succinct overview of ANNs is provided.

Though the use of ANNS is a black box approach to data analysis and modelling, some
appreciation of the inner workings of the black box is necessary to help to understand their
mode of operation. The basic element of an ANN is a simple processing device called a
neuron, which may be likened to the neurons in the brain. The operation of the neuron is
simple: it can take direct inputs, or inputs from other neurons, in the form of numerical
values, which it adds together with a bias level, and effects a simple mathematical
transformation to give an output value. The bias level serves to offset the centre line of
the mathematical (typically sigmoid-type) function in subsequent passes through the
network. The outputs to other connected neurons are modulated (actually multiplied) by
weights in the connections, so that a value may be increased or decreased before it reaches
its destination neuron. The connections correspond to synapses in the brain.

An ANN in its usual form has layers of neurons. The first layer consists of inputs to
the network. In the second and subsequent layers, each neuron takes as inputs the outputs
of all the neurons in the preceding layer, modified by the connection weights. The output
values of the neurons in the last1ayer act as the outputs of the neural network. A schematic
diagram of the organisation of an ANN is shown in Figure 1.

There are two phases in the application of a neural network to a problem: training and
interrogation. In the training phase, sets of data with known resuits are put into the
network, and processed as they pass forward through the layers to the output neurons. For
each data set presented to the network, the output neurons give a set of values which at first
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almost certainly differ greatly from the correct results. Consequently, the differences
between the correct results and the network outputs are back-propagated as an error
function through the network from the output to the input, changing the connection
weights and neuron bias values to reduce the output errors. The training process is
repeated many thousands of times on the same data sets until the network has learnt the
underlying pattern in the data. A trained network may then be interrogated by test data
sets: as each data set is put into the network, the outputs are a function of the values of the
inputs, the function being the pattern the network had learnt during the training phase. The
success of the training is measured by the predictive performance of the ANN ondata, with
known outputs, and which have not been used in the training set.

An important property of ANNs which is of particular attraction to economists is their
capability tolearn functions, whether linear or non-linear, operating in multi-dimensional
space. There is therefore a conspicuous contrast between hedonic regression and ANN
analysis.
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*“In multiple regression analysis, there has to be a priori knowledge of the form of
the non-linear function to be tested (noting there are thousands or millions of
combinations of polynomials, or splines, or exponential curves possible). ANNs
however do notrequire such a prioriinformation. They learn by inducing the latent
rules inherent in the training set of input and output patterns. The inducedrules exist
in a distributed form as interconnection weights in the network. These rules
because of their numeric and distributed nature are unintelligible to the human.”

Tay and Ho (1992), p.527

Theoretical support for the use of ANNs stems from Kolmogorov’s Theorem of 1957
as outlined in Hecht-Nielsen (1990). Essentially this indicates it is possible to model any
continuously differentiable linear or non-linear function using a three-layer feedforward
ANN. Rummelhart and McClelland (1986) developed the multi-layer feedforward
network called the backpropagation network used in this study. It does not precisely
conform to the architecture set out in Kolmogorov’s Theorem but is supported by similar
logic. A commonly used learning rule for such networks is the generalised delta rule used
in the backpropagation algorithm, which is set out in Rummelhart and McClelland (1986)
and Beale and Jackson (1990). Hecht-Nielsen (1989) presented his Backpropagation
Approximation Theorem to explain the difference between Kolmogorov’s Theorem and
the backpropagation method now commonly used in practice.

A simple explanation of how an untrained network learns (using the generalised delta
rule) from data is presented here to give aninsight to this relatively new method of analysis
in economics. When an untrained network is presented an input pattern (data), it will
produce arandom output. An error function therefore needs to be defined to represent the
difference between the network’s current output and the target (correct) outputs that we
would like it to produce. In order to approach the target outputs it is necessary continually
toreduce the value of the error function, by adjusting the weights on the synapses between
the neurons. By the generalised delta rule this is achieved by calculating the value of the
error function for a particular input, and then ‘back-propagating’ the error from one layer
to the previous layer. The modification of the weights of final output neurons is easy to
understand since the weights are directly adjusted in relation to the target outputs. For
neurons in hidden layers the weight adjustment process is not so clear, but essentially the
weights are also adjusted in direct proportion to the error in the neurons to which it is
connected.

The ANN designed for this application employed a number of inputs which were
physical property attribute variables, neighbourhood variables, a noise variable, and one
output neuron, the selling price of the property. When learning had been achieved, the
network was tested on data which had notbeen included in the training data set (the control
sample or independent validation set (IVS)). The test results given by the network were
compared with the true selling prices of the properties in the IVS, as described in Section
5 of the paper. Non-parametric statistical methods (in this instance, Spearman’s Coeffi-
cient of Rank Correlation) were used to help confirm the integrity of the predictions
generated by the network. This is necessitated by the fact that only the direct information
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provided by the network constitutes the predictions: in this study, the predicted property
prices. This problem bears some similarity to that experienced by applied psychologists
when constructing psychometric tests such as occupational aptitude tests. In order to
validate such tests it is necessary to use the concept of predictive validity which is
comprehensively discussed in Livy (1988). In such a context predictive validity is
measured by calculating the appropriate correlation coefficient between the test results
and the job performance of a control group. In this study the ANN serves as the
“occupational aptitude test”, and the actual values in the IVS indicate the “job perform-
ance” of a control group.

Despite the black box nature of the genesis of the neural network predictions, it was
possible to provide confidence limits for them by following the procedure set outin greater
detail in Jepson, Collins and Evans (1993).

3. Aircraft Noise and Residential Property Prices:
The Background to the Problem

Manchester International Airport is located on the periphery of a large metropolitan
conurbation, and on the margins of the town of Stockport. Major international airports
clearly generate many environmental and economic impacts on their surrounding areas.
Discerning the individual value effects of these impacts and other non-airport-related
variables does present a number of difficulties for hedonic regression. Pennington et al.
(1990) point to the work of Li and Brown (1980) which suggested that proximity to an
international airport generates micro-neighbourhood externalities to a residential prop-
erty, other than noise nuisance, which have animpact on local property values. Proximity
to such an airport may be attractive to potential regular travellers. Furthermore,
international airports are major sources of employment, so that houses with greater
accessibility to them may have higher prices than those less accessible. Could the effect
of noise on residential property values be offset by these accessibility factors? In order to
take better account of these concerns Pennington et al. (1990) undertook a hedonic
regression-based study of a sample of residential properties, concentrating on the three
postal districts of Stockport most heavily affected by noise (see Figure 2), and derived two
final equations. The first equation was based on property-specific attributes and noise
only, while the second equation also incorporated neighbourhood/locational variables.
Noise nuisance data was based on noise contour maps supplied by the airport authority.
Following the inclusion of the neighbourhood variables the noise variable became
statistically insignificant. From their results they concluded that:
“Properties which are in areas affected by the noise of aircraft using Manchester
International Airport do appear to have lower market values than those in other
parts of Stockport. But, in effect, the whole of this difference can be attributed to
neighbourhood and other characteristics of the properties: they could still be
expected to command lower prices even if they were not under the flight path of
aircraft using the airport.” Pennington et al. (1990), p.58
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Noise Contours and Postal Districts in Stockport
Source: Pennington, Topham and Ward (1990)

The policy implications of this result as discussed by Pennington ef al. (1990) related to
the stringency of the acoustical requirements imposed on the fleets of airlines by aviation
regulators. It effectively raised doubts about the magnitude of the deleterious effect of
proximity to airports as reflected in residential property values. The work of Uyeno et al.
(1993) supported this finding. Potentially this result also has implications for policy
towards evaluating the acceptable volume and timing of air traffic movements associated
withmajor international airports, and also for policy relating to determining compensation
for increases in aircraft noise nuisance or vortex strikes.
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4. Method

Data considerations: sales information
The data set consisted of details of 3,472 property sales, over a twelve-month period from
April 1985 to March 1986. Factors in the data included:

(a)

()
(©)

@

Physical features of the property, such as age, type (house, bungalow or flat), its
format (terraced, semi-detached, or other), and physical characteristics (number
of bedrooms and living rooms, whether there was a garden, a garage or garage
space, whether central heating was installed).

The legal standing of the property (that is, freechold or leasehold) and the month
of sale.

The degree to which the property was affected by aircraft noise, measured on the
Noise and Number Index (NNI), the index most commonly used in the UK. The
value of 40 on this scale corresponds to the reaction of being “moderately affected
by aircraft noise”, while 45 and 50 correspond to increasing degrees of being
“very annoyed by aircraft noise”. A figure of 27 represents normal background
noise in rural areas, that is, zero noise nuisance (see McKennel and Hunt,1961;
Walters, 1975). Properties affected by noise were also indicated by a dummy
variable.

The ACORN! neighbourhood classification (see Pennington et al., 1990) in
which the property was situated: 32 different ACORN groups were represented,
but 575 properties remained unallocated to any ACORN group.

Initial consideration of the data revealed a number of shortcomings which would have an
influence on the accuracy of the analysis, principally:

(a)

(b)

©

@

Although the number of rooms in each property was stated, there was no more
accurate indication of its size (for example, in terms of floor area). Houses with
the same number of rooms can vary considerably in overall size. For example,
three-bedroom semi-detached houses commonly range from under 80m? to well
over 100m? in floor area, with more recent properties tending to be smaller.
There was noindication of the state of repair or, more importantly, modernisation
of the property. A well-modernised older property will normally sell for
significantly more than its unmodernised equivalent, whereas a poor state of
repair usually results in a lower sale price. It is possible that the presence of
central heating may be an indication of modernisation (albeit a somewhat crude
one): few unmodernised properties are likely to be centrally heated.

Other factors which could affect value, such as the situation of the property in
relationto attractive features such as parks or open views or unattractive ones like
industrial sites, were not included in the data.

Although leasehold properties were identified, there was no indication of the
lease conditions. The amount of ground-rent payable and the length of term
remaining both have a significant effect on the value of a leasehold interest.

1 AClassification of Residential Neighbourhoods.
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These deficiencies, particularly in such a diverse range of properties, are bound to reduce
the accuracy of any value forecast, whether using ANNs or more conventional techniques.

Data considerations : noise-related
Of the 3,472 properties in the data set, only 205 were noted as being affected by aircraft
noise, as shown below:

NNI No of properties
27 (normal) 3267
34 25
37 69
40 (worst affected) 111

No properties with NNI figures of 45 or 50 (“very annoyed by aircraft noise”) were
included.

The effects of noise were not spread evenly over the ACORN groups: only 14 of the
32 groups included noise-affected properties.

Data preparation: format and selection

The study required the use of a representative sample of the whole data set, to evaluate the
relative value effects of aircraft noise and ACORN neighbourhood group. However,
because only 14 ACORN groups included noise-affected properties, properties in the
other 18 groups were excluded from this analysis. The inclusion of neighbourhood groups
which were not affected by noise would have tended to lower the accuracy of analysis.

ANN:s are capable of identifying functions from data presented in almost any format:
there is no need to express terms as, for instance, squares, cubes or logarithms. The
Manchester Airport data were received in largely dummy variable format, as used in the
original analysis by Pennington et al. Parameters not in this form were:

(i) Age, provided as both age squared and age cubed and which was recalculated as
cardinal (decimal) whole years. ‘

(ii) Noise and Number Index (NNI), Month of Sale, and Sale Price, all of which were
retained in cardinal form.

Data conversion was carried out on the number of bed- and living- rooms in each
property, which were provided in dummy variable form but were converted to cardinal on
the strong assumption, based on previous experience, that there would be a function
between number of rooms and price which the ANN could discover (see Evans, James and
Collins, 1993).

Other parameters were left in dummy variable format, being either isolated yes/no
decisions (such as, presence of central heating) or ACORN codes where no function
affecting price could exist.

The original data included a dummy variable to distinguish between properties
affected and unaffected by noise. This variable was excluded from the ANN work, as it
represented only a fairly crude duplication of the NNI figure. As suchit wouldhavetended
to reduce the accuracy of the network predictions.
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Selection
Careful data preparation is probably the most important factor inusing ANNs. The major
principles of good data preparation are:

(a) To ensure that the training set includes a representative range of the data set.

(b) As far as possible to exclude “outliers”; that is, data which are atypical of the set
or are singletons. Examples of the former are properties which appear to have an
unaccountably low (or high) sale price; an example of the latter is a single
detached house in a data set otherwise consisting of terraced and semi-detached.

(¢) Wheredataarebeinganalysed to determine the effects of a particular factor which
applies to only a small percentage of the entire data set (as in the present instance
for aircraft noise), the training set should nevertheless be selected so that a
substantial proportion (at least one-third and ideally half) of that set is composed
of affected items. Asananalogy, neural networks already have an established use
by commercial lending institutions for credit-rating purposes. Although only a
small proportion of borrowers tends to default, a well-chosen ANN training set
should include a roughly equal percentage of bad debtors and non-defaulting
borrowers, irrespective of the population proportions.

The application of principle (a) to such a large and complex data set was not without
difficulty. Arguments can be made for properties to be selected across the range of sale
prices, or sizes (in terms of number of rooms), or ages. A decision was made to select
according to the range of prices, which was considered to reflect all other factors. The
avoidance of outliers was a much greater problem. Identifying abnormal prices was very
difficult in view of the unknown factors already discussed. One tempting solution was to
strike out properties which showed large differences between network predictions and the
actual sale price; but this is not ethical scientific method. In the end, it was decided to
exclude unrepresentative, singleton properties in terms of physical factors, but to make no
exclusions on sale price grounds.

Principle (c) was a major constraint on the choice of training and test sets. All the
relatively small number of properties subject to noise were used: 175 of them in the
training set and 30 in the IVS.

The process of selecting the training set and the IVS was carried out as follows. The
data set was first sorted into noise-affected and non-noise-affected properties. Properties
in ACORN groups which had no noise-affected members (ACORNs 1,2, 3,4, 10, 13, 14,
16, 20, 22, 27, 30, 31, 32, 35, 37 and 38) were then deleted. The dummy variable
parameters governing the deleted codes were also removed, reducing the number of
parameters to 28.

The result was to leave 2,692 non-affected and the original 205 affected properties.
Each subset was then sorted on sale price.

To form the training set, every 28th non-affected property (from a random positionin
the first 10) and 175 affected properties were taken. The IVS was selected ina similar way,
avoiding properties which were included in the training set. A training set of 558
properties and an IVS of 69 resulted.
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Although some theories have been postulated, selecting the optimal network architec-
ture is largely an empirical process (see Denoeux and Lengellé, 1993). There are several
relevant parameters, the most important being: the number of hidden layers in the
network; the number of neurons in the hidden layer(s); and the number of cycles used to
train the network. More than the optimum number of training cycles actually increases
error as the network becomes “over-trained” (that is, too close a fit to particular minor
variations of the training set rather than the general features of the data).

Twelve different configurations, with hidden layers ranging from 5 to 45 neurons
(including networks with two hidden layers), were tested, each over 10,000 and 15,000
cycles. Each configuration was tested for average error, first against the training set itself
and then against the IVS. Promising architectures were further tested over narrower
ranges of training cycles. Optimum results were obtained with a three-layer network,
having a single hidden layer of 9 neurons, run for 10,000 cycles. This configuration gave
an average error of justover 15 per cent. Although this degree of error is greater than was
hoped for, and higher than that found in other studies (Evans, James and Collins, 1993),
itis nonetheless considered to be a satisfactory result in the context of the wide degree of
variation in the data set.

5. Results

Testing the network

Non-parametric statistical methods were used to help confirm the integrity of the results
and demonstrate predictive validity. First, the calculated Spearman Coefficient of Rank
Correlation for the IVS was found tobe 0.899, indicating a significant positive association
between the ranked actua! and predicted house values at the 1 per cent level.> Second,
following the procedure setout in Jepson et al. (1993), 95 per cent confidence limits were
calculated for the ANN predictions, within which they were found to lie.

The successfully trained and validated network was then tested to evaluate the various
effects under consideration. Testing involved inputting details of a standard property type
repeatedly, holding all parameters constant except the one under consideration.

Three types of property were selected as exemplars:

(a) A three-bedroom, two-living-room semi-detached house, 48 years old, with central
heating but with no garage;

(b) A four-bedroom, two-living-room detached house, 10 years old, with central heating
and garage, and

(c) Athree-bedroom, two-living-room terraced house, 100 years old, with no garage or
central heating.

2 Noinformationregarding the way in which the ACORN classifications have been derived were available
to the authors. Since these may be in large part based on subjective judgements, this particular variable must
be treated in non-parametric terms. Subjective judgements would obviously have animpacton the final results
and therefore a non-parametric test has been applied as a matter of caution. It is quite legitimate to use a non-
parametric test in place of a parametric test but not vice versa. Nevertheless, use of the standard correlation
test produces similar results.
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The parameters which characterised these exemplars were then individually varied,
while all other input parameters were held constant. The process was repeated using NNIs
of 27 (only ambient noise) and 40 (highest noise level included in the data set).

This test produced the results shown in Tables 1, 2 and 3 and Figures 3,4 and 5. In
every case, value variations of the expected sign and with credible magnitudes were
produced. A significant and consistent reduction in value from non-noise-affected (NNI
27 to affected (NNI 40) properties was observed, although the amount of this reduction
varied substantially with property type. The results also show aninteresting range of value
effects (resulting from factors such as age of the property, month sold, and the presence
or absence of specific attributes) which differ markedly between property types. How-
ever, discussion of these effects is outside the scope of this paper.

A further test was carried out using a range of six typical properties (within single
ACORN groups) inputting a spectrum of NNI figures from 27 to 50. Although the latter
figure exceeds any NNI in the data set (the highest of which was 40) it is an interesting
test of the extrapolative ability of the network.

The results are shown in Table 4 and Figures 6 and 7. This test also produced clear
evidence of value reductions as a result of increasing NNI, again with major variations
between house (and neighbourhood) types. A 55-year-old, four-bedroom, three-living-
room semi-detached house, with central heating and garage in ACORN 34 showed the
largest reduction: 7.48 per cent at NNI 40 (projected to be over 12 per cent at NNI50). A
10-year-old, four-bedroom, two-living-room detached, with central heating and two
garages, in ACORN 36, was next, with a reduction of 6.17 per cent (projected to 11.58 per
cent at NNI 50).

Least affected was a 30-year-old leasehold flat with central heating but no garden,
garage or parking space, in ACORN 9, which showed a reduction of only 3.79 per cent
(projected to 6.20 per cent). This was alower level of reduction than the unimproved (that
is, without central heating) terraced house in ACORN 12 (4.16 per cent projected to 6.62
per cent), as well as the semi-detached houses in ACORNS 11 (4.32 per cent projected to
6.99 per cent) and 33 (4.87 per cent projected to 7.91 per cent).

Analysis

One effect is immediately evident: detached house values are much more sensitive to
aircraft noise than are those of semi-detached or terraced houses. Terraced houses display
a range of value reduction of 4.48 to 6.41 per cent, which is similar to semi-detached
houses (4.06 t0 5.92 per cent). The effect on detached houses is from 8.02 to 9.54 per
cent reduction in value. For all three exemplars in the first test, variations between
ACORN groups far outweighed noise effects, although the ANN appears to have had no
difficulty in distinguishing clearly between the two factors. Forinstance, detached houses
in ACORN 36 (exclusive suburbs) showed an increase of 25.7 per cent over unclassified
neighbourhoods, with noise at NNI 40 causing a reduction of 8.0 per cent. In contrast, in
ACORN 12 (characterised by unimproved terraces with older people) values were 12.8
per cent lower than unclassified neighbourhoods, with noise at NNI 40 reducing the value
by 9.44 per cent.
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Table 1

Noise and Property Value Analysis for a three-bedroom, two-living-room
semi-detached house, 48 years old, sold in month 6, ACORN unclassified

Changed Without Noise (NNI 27) With Noise (NNI 40)
Variable
Property Value Variation Property Value  Value Reduction
£ % £ %
None 25734 0.00 24573 —4.51
Garage 29082 +13.01 27522 -5.37
Garage space 25902 +0.65 24920 -3.79
No garden 24062 —-6.50 22927 -4.72
Leasehold 24952 -3.04 23845 —4.44
NoCH 22907 -10.99 21921 —4.30
Terraced 23587 -8.34 22450 —4.82
Detached 35615 +38.40 33124 -7.00
Flat 28587 +11.08 27166 -4.97
Bungalow 38443 +49.39 35861 -6.72
Bedrooms: 0 18820 -26.87 18287 -2.83
1 20690 -19.60 20013 -3.27
2 22977 -10.71 22097 -3.83
4 29048 +12.88 27505 -5.31
5 33069 +28.50 31008 -6.23
6 38018 +47.73 35266 -1.24
Living rooms: 0 22430 -12.84 21619 -3.62
1 23971 —6.85 23005 —4.03
3 27778 +7.94 26366 -5.08
4 30187 +17.30 28446 -5.77
5 33071 +28.51 30900 —-6.56
Month of sale: 1 25322 -1.60 24195 —4.45
2 25399 -1.30 24266 —4.46
3 25479 -0.99 24339 -4.47
4 25562 -0.67 24415 —4.49
5 25647 -0.34 24493 -4.50
6 25734 0.00 24573 —4.51
7 25824 +0.35 24656 -4.52
8 25916 +0.71 24742 —4.53
9 26011 +1.08 24829 —4.54
10 26108 +1.45 24920 —4.55
11 26207 +1.84 25012 -4.56
12 26308 +2.23 25107 —4.56
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Table 1 Continued
Changed Without Noise (NN127) With Noise (NNI 40)
Variable
Property Value Variation Property Value  Value Reduction
£ % £ %
ACORN AC5 26901 +4.54 25729 —4.36
AC6 29258 +13.69 27838 —4.85
ACS8 25257 -1.85 24129 —4.47
AC9 24306 -5.55 23286 —4.20
ACl11 22333 -13.22 21370 -4.31
ACI12 20646 -19.77 19711 —4.53
AC15 25029 274 23951 431
AC17 24278 -5.66 23199 —4.44
ACI19 22144 -13.95 21184 -4.33
AC21 24537 ~4.65 23405 —4.61
AC23 23009 -10.59 21972 —4.50
AC33 24812 -3.58 23805 —4.06
AC34 27764 +7.89 26502 -4.55
AC36 30238 +17.50 28449 -5.92
Age (years): 0 26060 +1.27 24893 —4.48
5 26026 +1.13 24860 —4.48
10 25991 +1.00 24826 -4.48
15 25957 +0.87 24792 -4.49
20 25923 +0.73 24759 —4.49
25 25889 +0.60 24725 —4.49
30 25855 +0.47 24692 —4.50
35 25821 +0.34 24659 —4.50
40 25788 +0.21 24626 —4.51
45 25754 +0.08 24593 —4.51
50 25721 -0.05 24560 -4.51
60 25654 -0.31 24495 -4.52
70 25588 -0.57 24430 —4.53
80 25522 -0.82 24365 —4.53
90 25457 -1.08 24301 —4.54
100 25392 -1.33 24237 —-4.55
110 25327 -1.58 24174 —4.55
120 25263 -1.83 24111 —4.56
130 25199 -2.08 24049 —4.56
140 25135 -2.33 23987 —4.57
150 25072 -2.57 23925 —4.57
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Table 2

Noise and Property Value Analysis for a four-bedroom, two-living-room detached
house, 10 years old, with garage, sold in month 6, ACORN unclassified

Changed Without Noise (NNI 27) With Noise (NNI 40)
Variable
Property Value Variation Property Value  Value Reduction
£ % £ %
None 50371 0.00 45907 -8.86
No garage 42268 -16.09 38837 -8.12
2 garages 59332 +17.79 54264 -8.54
Leasehold 49465 -1.80 45230 -8.56
NoCH 50554 +0.36 45741 -9.52
Terraced 31377 -31.71 29324 -6.54
Semi-detached 33540 -33.41 31409 -6.35
Flat 37598 -25.36 35086 —-6.68
Bungalow 73045 +45.02 68822 -5.78
Bedrooms: 0 27165 —46.07 25842 —4.87
1 31217 -38.03 29363 -5.94
2 36342 -27.85 33749 -7.14
3 42747 -15.13 39223 -8.24
5 58617 +16.37 53595 -8.57
6 54990 +9.17 50206 -8.70
Living rooms: 0 40100 -20.39 37042 -7.63
1 44887 -10.89 41117 -8.40
3 56290 +11.75 51334 -8.81
4 62215 +23.51 57144 -8.15
5 67687 +34.38 62927 -1.03
Month of sale: 1 50442 +0.14 45810 -9.18
2 50429 +0.12 45827 -9.13
3 50416 +0.09 45845 -9.07
4 50402 +0.06 45865 -9.00
5 50387 +0.03 45885 -8.93
6 50371 0.00 45907 -8.86
7 50354 -0.03 45929 -8.79
8 50336 -0.07 45953 -8.71
9 50318 -0.11 45976 -8.63
10 50298 -0.14 46000 -8.54
11 50277 -0.19 46025 -8.46
12 50255 -0.23 46050 -8.37
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Table 2 Continued
Changed Without Noise (NNI 27) With Noise (NNI 40)
Variable
Property Value Variation Property Value  Value Reduction
£ % £ %

ACORN ACS 46805 -7.08 42958 -8.22
AC6 50624 0.50 46392 -8.36
AC8 51114 1.47 46672 -8.69
AC9 46345 -7.99 42078 -9.21
ACl11 46347 -1.99 42015 -9.35
AC12 43923 -12.80 39776 -9.44
AC15 47483 -5.73 43496 -8.40
AC17 50918 1.09 46443 -8.79
AC19 48154 —4.40 43560 -9.54
AC21 53138 +5.49 48209 -9.28
AC23 48444 -3.83 44349 -8.45
AC33 48383 -3.95 44206 -8.64
AC34 51154 1.55 46491 -9.12
AC36 63330 +25.73 58251 -8.02
Age (years): 0 50530 +0.32 46050 -8.86
5 50450 0.16 45979 -8.86
10 50371 0.00 45907 -8.86
15 50291 -0.16 45835 -8.86
20 50212 -0.32 45763 -8.86
25 50132 -0.47 45692 -8.86
30 50053 -0.63 45620 -8.86
35 49973 -0.79 45548 -8.85
40 49893 -0.95 45476 -8.85
45 49813 -1.11 45405 -8.85
50 49734 -1.27 45333 -8.85
60 49574 -1.58 45190 -8.84
70 49414 -1.90 45046 -8.84
80 49255 -2.22 44903 -8.83
90 49095 -2.53 44760 -8.83
100 48935 -2.85 44617 -8.82
110 48775 -3.17 44474 -8.82
120 48615 -3.49 44332 -8.81
130 48455 -3.80 44189 -8.80
140 48295 —4.12 44047 -8.80
150 48135 —4.44 43904 -8.79
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Table 3

Noise and Property Value Analysis for a three-bedroom, two-living-room terraced
house, 100 years old, no central heating,sold in month 6, ACORN unclassified

Changed Without Noise (NNI 27) With Noise (NNI 40)
Variable
Property Value Variation Property Value  Value Reduction
' £ % £ %
None 20479 0.00 19500 —4.78
Garage 23565 +15.07 22153 -5.99
Garage space 20661 +0.89 19832 -4.01
No garden 19407 -5.23 18400 -5.19
Leasehold 19910 -2.78 18949 —4.83
CH 23274 +13.65 22143 —4.86
Semi-detached 22504 +9.89 21529 —4.33
Detached 33171 +61.98 30575 -7.82
Flat 22946 +12.05 21708 -5.39
Bungalow 33369 +62.95 30610 -8.27
Bedrooms: 0 15568 -23.98 15137 -2.77
1 16714 -18.38 16172 -3.24
2 18296 -10.66 17583 -3.89
4 23486 +14.69 22092 -5.94
5 27606 +34.80 25583 -7.33
6 33148 +61.87 30250 -8.74
Living rooms: 0 17836 -12.90 17194 -3.60
1 19015 -1.15 18232 —4.12
3 22315 +8.97 21064 -5.61
4 24644 +20.34 23015 -6.61
5 27612 +34.83 25471 -1.75
Month of sale: 1 20232 -1.20 19260 -4.80
2 20276 -0.99 19304 —4.80
3 20323 -0.76 19349 —4.79
4 20372 -0.52 19397 —4.79
5 20424 -0.27 19447 —4.78
6 20479 0.00 19500 -4.78
7 20536 +0.28 19555 —4.78
8 20596 +0.57 19612 -4.78
9 20658 +0.88 19672 —4.78
10 20724 +1.20 19734 —4.77
11 20791 +1.53 19799 -4.77
12 20862 +1.87 19866 -4.77
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Table 3 Continued
Changed Without Noise (NNI 27) With Noise (NNI 40)
Variable
Property Value Variation Property Value  Value Reduction
£ % £ %
ACORN AC5 21330 +4.16 20374 —4.48
AC6 23492 +14.71 22285 -5.14
AC8 20112 -1.79 19146 -4.80
AC9 19344 -5.54 18470 —4.52
AC11 18105 ~-11.59 17264 —4.65
AC12 17128 -16.36 16290 -4.89
AC15 19869 -2.98 18965 —4.55
AC17 19469 —4.93 18545 -4.75
AC19 18115 -11.54 17250 —4.78
AC21 19869 -2.98 18850 -5.13
AC23 18689 -8.74 17805 —4.73
AC33 19744 -3.59 18901 -4.27
AC34 22669 +10.69 21621 —4.62
AC36 24929 +21.73 23231 -6.81
Age (years): 0 21125 +3.16 20134 -4.69
5 21091 +2.99 20100 —4.70
10 21056 +2.82 20067 -4.70
15 21023 +2.66 20033 —4.71
20 20989 +2.49 20000 —4.71
25 20955 +2.33 19967 —4.7
30 20922 +2.17 19935 —4.72
35 20889 +2.00 19902 —4.72
40 20856 +1.84 19870 -4.73
45 20824 +1.68 19838 —4.73
50 20791 +1.53 19806 —4.74
60 20727 +1.21 19743 —4.74
70 20664 +0.90 19681 -4.75
80 20601 +0.60 19620 —4.76 -
90 20539 +0.30 19560 4.7
100 20479 0.00 19500 —4.78
110 20419 -0.29 19441 —-4.79
120 20360 -0.58 19383 —4.80
130 20301 -0.87 19326 —4.81
140 20244 -1.15 19269 —4.81
150 20187 -1.42 19213 —4.82
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Effect of Noise with Varying ACORN Neighbourhood Classification
70000 3 bedroom, 2 living room semi-detached house, 48 years old, no garage.
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Effect of Noise with Varying ACORN Neighbourhood Classification

Effect of Noise with Varying ACORN Neighbourhood Classification
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Figure 4
Effect of Noise with Varying ACORN Neighbourhood Classification
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Effect of Noise with Varying ACORN Neighbourhood Classification
7 3 bedroom, 2 living room terraced house, 100 years old, no CH or garage.
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Reduction in Value with Increasing Noise Number Index (NNI)
for Various Property Types
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Figure 7

Reduction in Value with Increasing Noise Number Index (NNI)
for Various Property Types

It should be noted that the house types chosen are not significantly represented in some
of the ACORN groups. For example, there will be very few if any detached houses in
ACORNS 17, 21 and 23 (council and overspill estates) nor terraced in ACORN 36
(detached houses, exclusive suburbs). The paucity of noise-affected properties in most
ACORN groups means that in many instances the ANN had little data from which to
discern any underlying pattern. This is likely to account for minor anomalies such as
detached houses in exclusive suburbs (ACORN 36) being slightly less affected by noise
than similar houses in other ACORN classifications, while a terraced house in that
neighbourhood classification is affected most. The risk inherent in attempting to
extrapolate effects which are not adequately represented within the training set is
demonstrated by these results.

6. Conclusions

The results presented in this paper demonstrate that the powerful pattern-recognition
properties of ANNs can successfully discern complex value effects, including that of
aircraft noise, in house price analysis. The hedonic regression technique, in contrast, has
been shown to produce results which were at best equivocal in discerning noise effects
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Table 4
Effects of Noise Levels (NNI) on Values of Various Property Types

Flat Semi-detached Terraced (no CH)
ACORN9 ACORN 11 ACORN 12
NNI Property Value Property Value Property Value
Value Reduction Value Reduction Value Reduction
£ % £ % £ %
27 20136 0.00 22255 0.00 16136 0.00
30 19946 -0.95 22011 -1.09 15963 -1.07
32 19824 -1.55 21856 -1.79 15854 -1.75
34 19706 -2.14 21707 -2.46 15750 -2.39
36 19592 -2.71 21564 -3.11 15651 -3.01
38 19481 -3.25 21426 -3.73 15556 -3.60
40 19374 -3.79 21293 —4.32 15465 —4.16
4?2 19270 -4.30 21165 —4.90 15378 -4.70
44 - 19170 —4.80 21041 -5.45 15295 -5.21
46 . 19073 -5.28 20923 -5.99 15216 -5.70
48 18979 -5.75 20809 -6.50 15140 -6.17
50 18888 -6.20 20699 -6.99 15068 -6.62
Interwar Semi Spacious Semi Detached
ACORN 33 ACORN 34 ACORN 36
NNI Property Value Property Value Property Value
Value Reduction Value Reduction Value Reduction
£ % £ % £ %
27 27927 0.00 37826 0.00 70894 0.00
30 27583 -1.23 37109 -1.89 69961 -1.32
32 27364 -2.01 36653 -3.10 69313 -2.23
34 27153 =2.77 36214 —4.26 68644 -3.17
36 26950 -3.50 35792 -5.38 67955 —4.15
38 26754 -4.20 35386 -6.45 67247 -5.14
40 26565 —4.87 34995 -7.48 66522 -6.17
4?2 26383 -5.53 34620 -8.48 65780 -1.21
44 26208 -6.15 34259 -9.43 65024 -8.28
46 26039 -6.76 33912 -10.35 64254 -9.37
48 25876 -1.34 33578 -11.23 63474 -1047
50 25719 =191 33257 -12.08 62685 -11.58

. from other value determinants such as neighbourhood classification. In addition itshould

be noted that though novel, ANNs are very simple to design and use, with much
proprietary software now readily available. It must be conceded however that particular
network architectures are likely to be highly data-specific and as such it is not possible to
claim model transferability or readily generalisable insights in particular applications.

195



May 1994 Journal of Transport Economics and Policy

Thus the use of ANNs should perhaps best be regarded as a tool to support and complement
econometric analysis rather than as a substitute. For example, its use may in this instance
indicate the need for more sophisticated non-linear regression techniques.

The results of Pennington et al. (1990), which indicated that the value effect of noise
was not significant when all possible value determinants were specified, and which were
broadly supported by Uyeno et al. (1993), are challenged by the results of this analysis
using the same data set as Pennington et al. (1990). This has shown that individual value
effects such as that caused by noise can still be consistently and seemingly reliably
discerned by ANNs even after taking into account significant neighbourhood effects and
differing property types.

The overall conclusions of this study are that significant, reliable and reasonably
precise results can be obtained provided that the analysis of complex value effects is
carried out in multidimensional space (with a sufficient number of dimensions). Neural
networks provide a readily accessible means of meeting this requirement.

Itis also considered that these interesting results may stimulate further research in the
application of neural computing techniques to the analysis of complex value effects,
particularly in relation to environmental disamenities. The outstanding pattern-recogni-
tion abilities of auto-associative neural networks may offer a further interesting line of
investigation. In addition to aircraft and, quite feasibly, highway noise, the use of ANNs
could also be reasonably considered as a useful method for assisting in the evaluation of
a wider range of environmental impacts from transport projects. In this context ANNs
may be useful in helping to identify a broad range of dose-response relationships to be used
as a basis for subsequent indirect valuation exercises. In addition, should contingent
valuation studies be used to evaluate highway (or other transport infrastructure) construc-
tion externalities, then ANNs may be useful in the analysis of survey results, in particular,
to help identify various potential response effect biases.
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