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NEURAL NETWORK PREDICTIONS OF STUD WALL
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ABSTRACT

Using the results of acoustic laboratory tests, neural network analysis has been used to predict the sound
transmission class (STC) for different types of drywall constructions. The basic parameters - stud frame type and
size, mass of wall construction, the inclusion, type and width of any cavity absorption, overall partition width,
minimum sheet lining thickness, and the difference in sheet lining thickness from one side to the other as well as
the inclusion of lining vibration isolation - were used as inputs to the first layer of the neural network. The
results obtained were highly encouraging with successful neural network designs achieving predictions for STC
values within a similar range to those determined by a number of acoustic laboratories, for comparable wall
constructions.  A clearer indication of the efficacy of cavity insulation, stud type and vibration were also
obtained from the analysis.

INTRODUCTION

The acoustic performance of various types of wall
construction has become increasingly important in the
field of architectural acoustics. Building codes and
occupant satisfaction require the building designer to
be fully informed as to the transmission loss
performance of specific wall constructions. As an aid
to building designers, to comply with building codes
and to ensure performance of their product,
manufacturers have sound transmission loss testing
carried out in standard test facilities. The method of
determining the transmission loss performance of
different types of wall construction is established by
standards such as ISO 140 (1995) in Europe, and
AS1191-1985 (1985) in Australia. This testing can be
both expensive and time consuming.

In the process of architectural design, it is essential
that the demands of building regulatory authorities are
met in relation to sound transmission performance.

With building designers dependent on formal acoustic
testing of building elements, such as walls, there is a
need to complement these predictions for the vast
range of materials and construction assemblies that
may be an option for the building designer. With other
successes using neural network analysis already
established in the fields of structural engineering
(Gunaratnam, 1994), and more recently in
architectural acoustics (Fricke, 1995; Nannariello,
1997), the purpose of this work was to investigate the
application of neural network analysis for the
prediction of transmission loss properties of new
constructions. The role of neural network analysis is
seen as an ancillary application to the initial testing
performed in standard acoustic laboratories.

Neural network analysis is a form of computer
intelligence which, by means of pattern recognition,
attempts to simulate the inductive powers of the
human brain. Fed with basic information, a neural
network can learn by creating responses within its
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own system. A neural network can learn, analyse,
predict and recognize data. By generalising from
known information the network can arrive at
conclusions or predictions for something which is
similar but previously not known or observed
(Patterson, 1996). The network learns the basic
characteristics based on a series of specific examples
that are in the same category so as to enable it to make
a prediction. A neural network can imitate, categorize
and generalize (Lawrence, 1994).

In this investigation, neural networks were trained
using the results of acoustic laboratory tests on known
steel and timber stud drywall constructions where
relevant details have been formally recorded as part of
scientific testing. The relationship of the
constructional data (input data) to the acoustic
performance (STC) of each wall (output data or
pattern) was established by the neural network
training process.

NETWORK DESIGNS

Networks were designed, trained and tested using
Statistica software (Statistica, 1999). The designs are
grouped into three series, A, B and C, for easy
reference. Series A included all the cases available,
other than the NRC data, for steel stud partitions with
and without vibration isolation.  Series B included all
the available non-structurally isolated steel stud cases,
except those from the NRC. Series C used the steel
and timber stud data, both isolated and non-isolated,
from the Canadian NRC only. About half the available
cases in each series were randomly chosen for training
and a quarter each for verification and testing.

In order to extract the necessary dynamics of a system
a neural network has to be trained on appropriately
processed data (Mirzai, 1990). Since a neural network
involves non-linear mapping it can be considered as
an interpolation process. While it is highly desirable
that the training set is comprised of data that is evenly
distributed throughout the structural envelope of the
network system, it is not unexpected that the
distribution of data related to real world situations is
not uniformly distributed. (Data that does not have a
normal distribution can be preprocessed, eg by taking
the log of values, but such preprocessing was not
undertaken in the present work.) Consequently it is
difficult to know how representative the training data
are and how a network trained on this data will
perform.

In the training of each series approximately 400
networks with different combinations of inputs and

hidden neurons were looked at and the best ten
retained. The statistics given in the following section
are based on the networks giving the lowest  "test"
rms error, ie the minimum error when a network
predictions of STC, for unseen cases, are compared
with measured values.

RESULTS

With each neural network design elements were
changed until there was little or no further
improvement (reduction in the testing error). The
results were recorded together with statistical details
for presentation and comparison of prediction
accuracy of STC values with laboratory tested results
for STC. Table 1 summarizes the results for the three
series (A, B and C). The Table gives the rms errors,
correlation coefficients and standard deviation ratios.
The performance of a network can be assessed by the
test standard deviation ratio as well as the "test" rms
error. The closer to zero the value of these quantities
are the better the network’s performance. The
Statistica technical manual indicates that the standard
deviation ratios are better guides to a network's
performance than correlations or rms errors.

Table 1. Trained neural network statistical data

STAT. PARAMETER SERIES A SERIES B SERIES C
TEST RMS ERROR 1.829 1.464 2.01
TEST CORR COEFF 0.9883 0.9872 0.9257
TEST  S D RATIO 0.154 0.16 0.378

Further analysis was undertaken after the best network
in series C was established. The 'best' network was
used to make predictions of STC values in a number
of cases to investigate the importance of vibration
isolation and of infil type for different wall masses,
stud types and other factors. The results of this work
are shown in Figures 1 to 6.

The average overall stud wall thickness in the data
was 135 mm. This value was used for all the results
presented in the Figures. This overall thickness does
influence the STC values but fibreglass appears to be
the best cavity absorbent (Figure 1) whatever the
overall dimension.  Figure 1 shows that the addition of
fibreglass to the cavity increases the STC  value by
about 10 at low masses and by about 8 at high masses.
Figure 2 shows that with the vibration isolated linings
(steel studs) the type of cavity absorbent has little
effect on the overall performance. Whatever the mass
of the wall the cavity absorbent improves the STC
value by about 7.



177

When timber studs are considered the STC values are
still highest with fibreglass cavity absorption (see
Figures 3 and 4) with the other absorbents giving very
little improvement over the cases with no absorbent in
the cavity. The improvement in the STC rating with
the addition of fibreglass is approximately STC 6 for
all wall masses.

The influence of fibreglass in the cavity is better seen
in Figures 5 and 6 for the cases of fibreglass and
nothing in the cavity, respectively. These two Figures
show the importance of the stud type as well. There is
very little difference in the performance of the steel
and timber stud walls when both are vibration
isolated. The performance of the timber stud walls
without isolation is about STC 10 worse and the
difference is larger at high wall masses. Steel studs
with direct fixing have about the same STC values as
isolated fixings at low wall masses but are
significantly worse at high wall masses.

DISCUSSION

The degree of accuracy is an issue with any prediction
method. Ideally, the prediction errors for STC, would
be less than three, as three decibels difference in
sound level is easily detected by the majority of
people (Warnock, 1990).  This was achieved for the
rms error (though not the maximum error) in each
series despite there being several limitations of the
present work.

One of the limitations is that some of the sources of
input data obtained reported STC values while others
reported on SRI. The analysis undertaken ignored the
distinction between the two and there are therefore
likely to be slightly larger errors in the analysis
because of this. Other limitations are that the type of
wood used in the timber stud partitions was unknown
and so was the type of fixing of the lining and the type
of vibration isolation used. There was a lack of cases
for some types of constructions. This was particularly
important in the case of the linings and absorbent
infils. For instance there were only a few cases where
galvanized iron was used for the lining while most
cases were for plasterboard linings though even the
differences in these were unknown (The type of lining
was not taken into account in the present analysis.).
There were ample cases without cavity absorption and
where the cavity absorption was fibreglass or mineral
wool (though the density of these was unknown) but
only a few cases where polyester and cellulose
absorbents were used. Probably the greatest limitation
is that no account was taken of different laboratories

in which the STC measurements were made as it has
been shown eg (Martin, 1986; Pompoli, 1996) that
there are inter-laboratory differences when
measurements on a given partition are made. Given
these limitations the errors in the analyses carried out
seem small.

The "error" trends for series A, B and C are much as
expected. The analysis of the cases of steel stud
partitions without vibration isolation produced the
lowest test rms error (STC 1.46). When steel studs and
direct connection of the lining and of vibration
isolation were considered the test rms error was
marginally higher (STC 1.83). When all types of
partitions were considered (steel and timber studs,
direct fixing, vibration isolation and different types
and amounts of cavity absorption were considered the
highest test rms error was obtained (STC 2.01). This
result is surprisingly low considering the limitations of
the analysis though it should be remembered that the
cases for this last series all came from the one
laboratory.   

There have been a number of inter-laboratory studies
on the comparison of transmission loss prediction
results and it is the results of some of these
investigations that are used as a guide for assessing
performance of the neural network design predictions
in this paper. A study by Martin (1986) of six inter-
laboratory tests in the Netherlands and Belgium
acoustic laboratories resulted in differences, in sound
reduction index measurement, Rw, for a lightweight
wall, of between 1.59 and 2.52. These figures were for
the difference between maximum and minimum
predictions for the same wall construction, for the
frequency range 100Hz to 3150Hz.

The inter-laboratory tests involving two lightweight
wall constructions (Pompoli;1996) resulted in sound
reduction index predictions ranging from 26 to 29, a
range of 3, for one wall, and 47 to 52, a range of 5, for
the other drywall. These results were from twenty-four
acoustic laboratories. The expected degree of accuracy
in the neural network predictions cannot be expected
to exceed that of the inter-laboratory test results as the
neural network predictions are based on analysis of
the laboratory data. Therefore, the best performance
that could be expected from any neural network
analysis (not using a specific laboratory as an input
variable) would be predictions with differences in the
order of 2 to 5 from the measured STC or sound
reduction indices.



178

When only the NRC data was used the best results
were obtained using 5 inputs: timber or steel studs,
isolated or non-isolated linings, mass of the
construction, the overall thickness and the type of the
cavity absorbent infil. It may seem unusual that the
thickness of the cavity absorbent was not a factor but
the thickness is usually related to the overall thickness
of the wall.

A final discussion point comes from the series C
results when the trained neural network is used to
make predictions of STC values for different
constructions. The information shown in the Figures
was easily obtained from the trained network and
other combinations of factors could just as easily have
been produced. The difficulty, in fact, is to show
trends when there are many input variables. In the
present case this was done by considering one wall
thickness only, for simplicity rather than as a
demonstration of a practical construction. Most of the
trends shown in the Figures are common knowledge
and are included to demonstrate the power of neural
networks. Some of the findings, eg the size of the
improvement of STC with vibration isolation and infil
appears to be new

CONCLUSIONS

A number of successful of multi-layer perceptron
neural networks were trained with the capability of
making STC predictions for dry wall constructions.
The prediction errors were similar to those achieved in
inter-laboratory studies. The results of these are
summarized below:

1. Using the data from 28 acoustic laboratories on
the transmission loss of steel stud partitions with
direct fixing of the lining and STC ratings
between 23 and 56 a neural network was trained
to predict STC values within an rms error of STC
1.46. The input parameters used were wall mass,
overall thickness, minimum lining thickness,
absorbent infil type (none, fibreglass or mineral
wool) and absorbent infil thickness.

2. Using data from 30 laboratories on the
transmission loss of steel stud partitions,
including cases where vibration isolation was
used as well as direct fixing, a neural network
was trained to predict STC values within an rms
error of STC 1.83.  The training data included
partitions with STC ratings between 23 and 56.
The input parameters used were wall mass,

direct/isolated fixing and absorbent infil type
(none, fibreglass or mineral wool).

3. Using data from the Canadian NRC on all types
of dry wall constructions a neural network was
trained to predict STC values within an rms error
of STC 2.01. The training data included partitions
with STC ratings between 32 and 60. The inputs
parameters used in this case were type of stud
(timber or steel), type of fixing (direct or
vibration isolated), mass of wall, overall thickness
and absorbent infil type (none, mineral wool,
fibreglass, polyester or cellulose).

4. Using the series C network the following trends
were obtained for the use of different drywall
constructions:

• Walls with fibreglass absorbent in the cavity
give the higher STC ratings than walls with
other infils tested.

• The improvement in STC with fibreglass in
the cavity is independent of the mass of the
wall.

• Steel and timber stud walls perform equally
well provided vibration isolated construction
is used.

• Without vibration isolation the timber stud
walls perform much worse than steel stud
walls and the difference is highest at the
highest wall masses.

Through the study of transmission loss measurements
of different types of wall construction and the
relationship of known parameters recorded in formal
acoustic testing facilities, the results achieved in this
study have determined that there is potential for this
technique as a design tool in the field of architectural
acoustics. It is a design tool that will complement
formal acoustic testing and provide predictions for
sound transmission class and transmission loss at
specific frequencies. The study was undertaken with
the ultimate goal of showing that neural network
analysis can provide a practical and less complex and
time consuming prediction technique. The neural
network analyses described indicate that the technique
can provide building designers with a method that is
readily understood and produces predictions of STC
values that are comparable in accuracy with existing
methods.

The networks trained to date provide a good means of
predicting STC but there is potential for the networks
to be improved further with extension of the data
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collection sufficient to enable deletion of the cases
considered (by statistical analysis) to be outliers.
Ideally, data relating to similar wall construction types
could be gathered from a greater range of acoustic
facilities than is currently contained in this data
collection.  It is expected then that prediction accuracy
would be improved and that an associated
improvement in statistical analysis would result.
More data is needed but it is difficult to obtain
because of commercial sensitivity and the lack of a
single repository for such data.

Further improvement should also be possible by
experimentation with the information contained within
the variable data such as the use of dimensionless
representation of the variables. The success of neural
network analysis is due to the ability of the user to
model extremely complex non-linear functions while
at the same time having the facility to address the
‘curse of dimensionality’ when large numbers of
variables are involved (Statistica, 1999). The
significant computational effort and resultant extended
calculating times required by other simulation
methods, such as finite element analysis (Kropp,
1994), are considerably improved upon by the use of
neural network software.

The training of a neural network is a trial and error
exercise in numerical optimization that is usually non-
linear in nature. There are no formal guidelines and
there is no single best method for non-linear
optimization (Sarle, 1998) but an effective performing
network should achieve a mean error close to zero,
with an error standard deviation ratio of less than 0.1
indicating a very good regression performance
(Statistica, 1999). In Series A and B where the cases
were limited to steel stud partitions the network
designs had training error means close to zero and
error standard deviation ratios of less than 0.2 ie the
data is being well fitted by the networks.

To be of greater use the networks should be capable of
accurately predicting the performance of any
construction with steel or wood studs with different
types of linings and cavity absorbent material. This
seems possible but an important limitation of the
method is that it can only be expected to make
predictions within the bounds of the inputs used for
training the network.

Potentially the neural network approach could
overcome the problem of laboratory differences. With
cooperation, additional parameters not always readily
available in published acoustic reports, could be
investigated with the possibility of subsequently
determining factors to account for the effect of the

testing laboratory. In particular, the neural network
analysis offers the possibility of obtaining wall sound
transmission ratings in a ‘virtual’ laboratory. That is,
the transmission loss results for any constructions in
any laboratory could be used to predict the
transmission loss for the same construction in any
other laboratory, virtual or real, without the need to
undertake extensive 'round-robin' testing of particular
constructions.
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Fig.1  Predicted STC values as a function of the mass per unit area of steel stud partitions with direct fixings, an
overall thickness of 135 mm and different cavity absorbers.

Fig.2  Predicted STC values as a function of the mass per unit area of steel stud partitions with isolated fixings, an
overall thickness of 135 mm and different cavity absorbers.

Fig.3  Predicted STC values as a function of the mass per unit area of timber stud partitions with direct
fixings, an overall thickness of 135 mm and different cavity absorbents.
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Fig.4  Predicted STC values as a function of the mass per unit area of timber stud partitions with isolated
fixings, an overall thickness of 135 mm and different cavity absorbents.

Fig.5  Predicted STC values as a function of the mass per unit area of stud partitions with direct and isolated fixings,
an overall thickness of 135 mm and fibreglass cavity absorbent.

Fig.6  Predicted STC values as a function of the mass per unit area of stud partitions with direct and isolated fixings,
an overall thickness of 135 mm and no cavity absorbent.
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