
E
a

D

p

GEOPHYSICS, VOL. 71, NO. 5 �SEPTEMBER-OCTOBER 2006�; P. H45–H53, 6 FIGS.
10.1190/1.2231110

D
ow

nl
oa

de
d 

11
/2

7/
14

 to
 1

55
.9

7.
17

8.
73

. R
ed

is
tr

ib
ut

io
n 

su
bj

ec
t t

o 
SE

G
 li

ce
ns

e 
or

 c
op

yr
ig

ht
; s

ee
 T

er
m

s 
of

 U
se

 a
t h

ttp
://

lib
ra

ry
.s

eg
.o

rg
/

nhanced interpretation of magnetic survey data from
rchaeological sites using artificial neural networks
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ABSTRACT

The use of magnetic surveys for archaeological prospect-
ing is a well-established and versatile technique, and a wide
range of data processing routines are often applied to further
enhance acquired data or derive source parameters. Of partic-
ular interest in this respect is the application of artificial neu-
ral networks �ANNs� to predict source parameters such as the
burial depths of detected features of interest. Within this
study,ANNs based upon a multilayer perceptron architecture
are used to perform the nonlinear mapping between buried
wall features detected within the magnetic data and their cor-
responding burial depth for surveys in the ancient city of
Butrint in southern Albania, achieving a greater level of in-
formation from the survey data.

Suitable network training examples and test data were gen-
erated using forward models based upon ground-truth obser-
vations. The training procedure adopts a supervised learning
routine that is optimized using a conjugate gradient method,
while the learning algorithm also prunes network elements to
prevent overregularization by reducing model complexity.
Data processing was further enhanced by introducing rota-
tional invariance using Zernike moments and by utilizing the
combined output of a number, or committee, of networks.
When applied to a section of survey data from Butrint, the
ANN routine successfully predicted the burial depth of a
number of detected wall features, with an rms error on the or-
der of 0.20 m, and provided a coherent map of the buried
building foundations. The neural network approach offered
advantages in terms of efficiency and flexibility over more
conventional data-inversion techniques within the context of
the study, giving fast solutions for large, complex data sets
while having high noise tolerance.
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INTRODUCTION

Geophysical prospecting using magnetic surveys plays a routine
art in the investigation of archaeological sites and has become an
mportant tool where the potential for archaeological excavation is
imited. A large portion of archaeological geophysical surveys are
oncerned primarily with identifying the location and spatial extent
f buried remains, although the data collected are likely to contain
urther information relating to the depth and geometry of anomalous
eatures. The current study seeks to derive shape and depth estimates
or wall foundation features recorded within magnetic survey data,
roviding an enhanced interpretation of the results.

The inversion of magnetic data to derive source parameters can be
ackled in a number of ways, depending upon the application and the
esired results. Often the inversion is achieved by constructing a cor-
esponding magnetic model of the subsurface, containing a number
f adjustable parameters optimized to find a satisfactory approxima-
ion of the data being modeled. This method of successful estimation
nd reconstruction of subsurface features is demonstrated for
rchaeological data by Herwanger et al. �2000� through modeling a
eries of medieval pit dwellings and associated ditches from Unter-
tammheim, northern Switzerland, and by Eder-Hinterleitner et al.
1996� in the reconstruction of a Neolithic ring ditch system at Puch
n lower elevations inAustria.

However, processing large, complex, and noisy data sets presents
ertain optimization problems likely to prevent a consistent solution
sing these inversion techniques. This has led to the consideration of
eural computing techniques and the use of artificial neural net-
orks �ANNs� for inverting magnetic survey data. The neural net-
ork paradigm has been implemented successfully within many

reas of geophysics involving problems for which only very compli-
ated solutions exist �Raiche, 1991; Van der Baan and Jutten, 2000;
oulton, 2001, 2002�, including the inversion and processing of seis-
ic data �Calderón-Macías et al., 2000; Poulton, 2002� and parame-

er estimation from well logs �Helle et al., 2001�. Closer to the cur-
ent study, ANNs have been applied successfully to the inversion of
lectromagnetic and gravity geophysical data �Poulton et al., 1992a,
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; Spichak and Popova, 2000; El-Qady and Ushijima, 2001; Ucan et
l., 2002�, while the inversion and analysis of magnetic data has been
emonstrated by Fossati et al. �1992�, Guo et al. �1992�, and Ucan et
l. �2002�.

The remainder of this paper describes the development and imple-
entation of ANNs for solving the inverse problem for magnetic

urvey data.A technical description of the neural network procedure
s presented, with particular attention given to the implementation of
suitable learning algorithm. The development of synthetic training
ata is then described, and the technique is demonstrated using syn-
hetically generated test data before being applied to a section of

agnetic survey data from the Roman city of Butrint in southernAl-
ania.

USE OF ARTIFICIAL NEURAL NETWORKS

ANNs can be a powerful tool for performing nonlinear functional
apping between a set of input variables �geophysical data� and a set

f output or source parameters, together with particular procedures
or optimizing the mapping �Bishop, 1995�. The importance of
NNs in this context is that they can function as universal approxi-
ators and are able to map any continuous function to arbitrary ac-

uracy �Yarger et al., 1978; Jang et al., 1997; Jain and Martin, 1999�.
his is achieved through adopting a massively parallel connectionist
rchitecture �Jang et al., 1997� of simple processing units �percep-
rons�, the basic functioning of which was inspired originally by the
iological neuron. The processing unit produces an output or is acti-
ated at a certain threshold determined by the value of its weighted
nput. The neural network optimizes the mapping by using a data set
f training data, which contains examples of the functional mapping
hat the network is to learn.

Neural networks are proven tools for processing geophysical data
ecause of their inherent ability to deal with noisy and incomplete
ata sets �Raiche, 1991; Spichak and Popova, 2000�. However, the
ain advantage of using neural networks to solve the inversion

roblem is that they effectively provide nonlinear mapping of the
eophysical phenomenon without assuming an explicit physical
odel of the process �Williams, 1993�. Therefore, the total time nec-

ssary for a neural network solution depends on the dimensions of
he space of unknown parameters rather than the physical dimen-
ions of the modelled area �Spichak and Popova, 2000�. This makes
NNs very computationally efficient tools if multiple inversions are

equired, because once a network has been optimized or trained, it
ffectively remembers the inversion solution �Spichak and Popova,
000�. It can therefore be applied easily to new or spatially extensive
urvey data with almost instantaneous results. However, for the ef-
ective processing of new data, it is important that the parameters of
he training data used to train the original network be comparable
ith the new data. In this respect, the training data set must be de-

igned carefully for maximum flexibility.

eural network procedure

Functional mapping can be illustrated in terms of a mathematical
unction that contains a number of adjustable parameters whose val-
es are determined using the training data �Bishop, 1995�. Such a
epresentative function could be written in the form
y = y�x;w� ,

here x is a vector of input variables �magnetic field strength val-
es�, y is the network output �source depth�, and w denotes the vector
f adjustable weights �Bishop, 1995, p. 5�. The value of individual
eights effectively controls the strength of the interconnections be-

ween processing units within the network, determining the overall
ow of data. The training procedure is applied to find the optimum
alues for w, which can be seen as a process of minimizing the error
D between the desired network output given a particular input vec-

or and the actual value predicted by the network. This process of op-
imization is often referred to as supervised learning �Bishop, 1995�
nd utilizes a set of training examples, D = ��xi,ti��i=1

N , where ti is the
esired network output or target for the ith training pattern.

Many different types of ANN architectures and training methods
ave been developed �see Haykin �1994� and Raiche �1991��. For
his study, we adopt the multilayer perceptron �MLP� network archi-
ecture and associated learning procedures, which are widely ap-
lied to nonlinear functional mapping problems �see Bishop, 1995�.
he network architecture consists of two layers of adaptive weights
ith a hidden layer of processing units between the inputs and the
utput processing unit. The outputs from one layer become the in-
uts to the next layer, with connections initially running from every
rocessing unit in one layer to every unit in the next layer, forming a
eed-forward architecture with no feedback loops. An explicit ex-
ression for the complete function represented by the network can
herefore be written as

y = �
j=1

M

wkjzjg��
i=1

d

wjixi� ,

here wkj denotes second-layer weights, M is the number of hidden
ayer units, and zj is their outputs. Similarly, wji denotes first-layer
eights, where d is the number of inputs. The units in the hidden lay-

r employ nonlinear sigmoid activation functions g, while the output
nit has a linear activation function, so that the range of possible out-
ut values is not limited.

etwork training

The minimization of the error ED between the predicted network
utput and desired output represented in the training data is essen-
ially a nonlinear regression that can be represented initially by the
um-of-squares error metric, given by

E =
1

2�
n=1

N

�y�xn;w� − tn�2, �1�

here y is the output, t is the training data target, and N is the number
f patterns in the training set. The derivatives of the error with re-
pect to the network weights �En/�wkj and �En/�wji are then evaluat-
d using a process known as error back-propagation, corresponding
o a propagation of errors backward through the network �Rumelhart
t al., 1995; Kecman, 2001�.

ptimization

The error function is minimized by applying a conjugate gradient
ptimization method �Williams, 1991�, found to be more efficient
han the standard gradient descent method for large numbers of inter-



c
s
r

w
i
a
t
w
p

t
w

w
v
e
w
a

w
b
d
d

t

w
p
n

w
o
m

A
t
m

E

e
l
t
i

A
o
g

w

S
e
n

U
R

T
t

A
s

I
w
r
s
c

w
b
v

C

p
e
a

U
o

Interpreting magnetic data usingANNs H47

D
ow

nl
oa

de
d 

11
/2

7/
14

 to
 1

55
.9

7.
17

8.
73

. R
ed

is
tr

ib
ut

io
n 

su
bj

ec
t t

o 
SE

G
 li

ce
ns

e 
or

 c
op

yr
ig

ht
; s

ee
 T

er
m

s 
of

 U
se

 a
t h

ttp
://

lib
ra

ry
.s

eg
.o

rg
/

onnecting weights within the network. The search through weight
pace using the conjugate gradient method is based upon the update
ule, given by Williams �1991� as

w j+1 = w j + � jd j ,

here wj is the weight vector at the jth iteration. The next iteration
nvolves choosing a suitable search direction dj and step length �j

long that direction. For any given search direction in weight space,
he minimum of the error function along that direction is found, from
hich point a new search direction is then computed �Bishop, 1995,
. 279�.

DEVELOPING A LEARNING ALGORITHM

To avoid overfitting to the training data, a regularized error func-
ion �Tikhonov and Arsenin, 1977� is adopted by adding a term EW,
hich has the effect of penalizing overly complex models, i.e.,

E = �EW + �ED, �2�

here � and � are regularization parameters controlling the bias
ariance trade-off �Geman et al., 1992�. Minimizing a regularized
rror function of this nature is equivalent to the Bayesian approach,
hich seeks to maximize the posterior density of the weights �Mack-

y, 1992a; Neal, 1996�, given by

P�w	D� � P�D	w�P�w� ,

here P�D	w� is the likelihood of the data and P�w� is a prior distri-
ution over w. The form of the functions ED and EW correspond to
istributional assumptions regarding the data likelihood and prior
istribution over network parameters, respectively.

The usual sum-of-squares metric given in equation 1 corresponds
o a Gaussian likelihood,

P�D	w� =
1


2��−1
exp�−

�tn − y�xn�
2

2�−1 � ,

ith fixed variance �2 = 1/�. For this study, the Laplace prior pro-
ounded by Williams �1995� is adopted, which corresponds to an �1

orm regularization term,

EW = �
j=1

W

	wj	 Û P�w� =
1

2�
exp�−

	w	
�
� ,

here W is the number of model parameters. An interesting feature
f the Laplace regularizer is that it leads to pruning of redundant
odel parameters. From equation 2 at a minimum of E, we have

� �EW
�wj

� =
�

�
wj � 0, � �EW

�wj
� �

�

�
wj = 0.

s a result, any connection weight within the network not obtaining
he data misfit sensitivity of �/� is set exactly to zero and can be re-
oved or pruned from the network.

liminating regularization parameters

The hyperparameters � and � can be estimated by maximizing the
vidence �MacKay, 1992a� or alternatively may be integrated ana-
ytically �Buntine and Weigend, 1991; Williams, 1995�. Here the lat-
er approach is followed; the posterior distribution of the parameters
s given by
p�w� = � p�w	��p��� d� . �3�

ssuming the Laplace prior, the prior distribution over the weights
f the network, conditioned on the regularization parameter �, is
iven by

p�w	�� = ZW���−1exp�− �EW� , �4�

here the necessary normalizing constant is given by

ZW��� = � 2

�
�W

. �5�

ubstituting equations 4 and 5 into equation 3, adopting the �improp-
r� uninformative Jeffreys prior p��� = 1/� �Jeffreys, 1939� and
oting that � is strictly positive,

=�
0

�

2−W�W−1exp�− �EW�d� .

sing the gamma integral �0
�x	−1e−
xdx = ��	�/
	 �Gradshteyn and

yzhic �1994�, their equation 3.384�, we obtain

p�w� =
��W�

�2EW�W .

aking the negative logarithm and omitting irrelevant constant
erms,

− log p�w� = W log EW. �6�

pplying a similar treatment to the data misfit term �assuming a
um-of-squares error�, we have

E =
1

2
N log ED + W log EW.

t is sensible to assign hidden-layer weights and weights associated
ith the output unit to different regularization classes so they are

egularized separately, having their own adaptively determined
cale �MacKay, 1992b; Williams, 1994�. This leads to the training
riterion used in this study:

E =
N

2
log ED + �

c

Wclog EW
c ,

here summation is over regularization classes. Here, wc is the num-
er of weights in class c, and EW

c = � j�c	wj	 is the sum of absolute
alues of weights in that class �Williams, 1994�.

hoice of data misfit term

While the conventional sum-of-squares misfit term would be ap-
ropriate for this study, a data misfit term corresponding to a het-
roscedastic �input-dependent variance� Gaussian noise process is
dopted, i.e.,

ED = �
n=1

N �log ��xn� +
�
�xn� − tn
2

2�2�xn� � . �7�

sing this error function leads to the addition of a second network
utput unit giving the predicted variance ��x�. An exponential acti-
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ation function is used for this unit to enforce strictly positive esti-
ates of conditional variance. This approach provides two advan-

ages. First, the estimates of conditional variance provide error bars,
ndicating the uncertainty of model predictions �Nix and Weigend,
994, 1995; Williams, 1995�. Second, the output of the model now
ompletely specifies the target distribution, so the regularization pa-
ameter � is unnecessary.

NETWORK TRAINING AND TEST DATA

Suitable network training data were generated through the 3D for-
ard modeling of magnetic responses for a number of models repre-

enting buried wall foundations of a variety of types and burial
epths. While training data derived from real-life examples are ideal
i.e., from the subsequent excavation of surveyed areas�, the for-
ard-modelled training examples were nonetheless based upon

imestone wall features recorded within a limited number of test
rench excavations. The modeling was carried out following the

ethod outlined by Sharma �1966� and Bhattacharyya �1978� which
onsiders the magnetization resulting from the magnetic susceptibil-
ty distributions of a volume of cuboidal cells. This essentially al-
ows rectangular volumes representing wall structures to be defined
ithin a layered-earth model defined by sampled magnetic suscepti-
ility values.

Six training data set models were created, covering a 10 � 10-m
rea, with each model incorporating a network of walls at a depth of
0.2 to −0.7 m below the surface in 0.10-m increments and with
all foundations fixed at −1.2 m. Wall thicknesses within each mod-

l varied from 1.4–1.7 m. The layout of the training model was de-
igned to simulate a number of building structures, such as building
orners, adjoining walls, gaps in walls �entranceways�, and palisters.
wo wall orientations are featured — north-south and a perpendicu-

ar alignment — in accordance with the network test data described
elow. The problem of representing multiple wall alignments within
he training data is addressed later, with the introduction of rotational

igure 1. Examples of forward-modelled training data. �a� The train-
ng model shows the modelled network of buried limestone walls,
ncluding a number of stepped wall heights and entranceways. The
esulting forward-modelled responses for model burial depths of �b�
.2, �c� 0.5, and �d� 0.7 m are also shown.
nvariance. Figure 1 shows the basic layout of a training data model
nd the corresponding forward-modeled magnetic responses at sev-
ral burial depths. The resulting anomalous magnetic field was cal-
ulated over a grid above each model at 0.25-m intervals and the ver-
ical gradient derived, allowing a direct comparison with the survey
ata �see below�.

The layered-earth model used within each of the six depth models
s defined as four distinct layers of varying magnetic susceptibility,
s recorded within excavated trenches. Samples of 1 cm3 were col-
ected along a vertical column at 2-cm intervals, and their volume

agnetic susceptibility was determined using a Bartington Instru-
ents MS1 susceptibility bridge. Magnetic susceptibility values
ere found to be uniform across the study area and fell between 18

nd 82 � 10−8 SI. An infilling layer of building rubble abutting the
all structures was also included within the model, with a magnetic

usceptibility value of 200 � 10−8 SI in accordance with observed
alues.

ata input

Data were input into the ANN �during both the training and data
rocessing phases� as a series of vectors, each containing 25 magnet-
c field values �giving 25 inputs into the ANN�. Each vector repre-
ented a grid of magnetic values over a 2 � 2-m horizontal area, i.e.,
t a resolution of 0.5 m. This input window was then parsed sequen-
ially over the area of input data in 0.5-m steps to generate a sequence
f input vectors xn. This input window configuration was found to be
n optimal trade-off between input window size, the number of input
alues �which dictates the complexity of the network�, and the hori-
ontal resolution of the input data. During network training, the cor-
esponding target data tn consisted of a single value representing the
epth below the surface to the modelled wall features within the
raining data models described above, falling below the center of the
ata input window. The target values were randomized slightly by
dding random height values in the range ±0–0.05 m to express the
neven nature of recorded wall structures. For areas of input/target
ata space with no underlying wall feature present, the target depth
as set to an arbitrary −1.2 m �corresponding to the approximate
epth of recorded Roman occupation levels�. The network was
herefore trained to produce a null or default output when no magnet-
c responses relating to wall sections were detected. This effectively
roduced a network output from which predicted wall features could
e visualized as discrete upstanding structures. This is important in
he visual presentation of the results as a 3D subsurface representa-
ion, but it also has a more subtle filtering function in which any
nomalous magnetic responses unrelated to those represented with-
n the training data are assigned a uniform arbitrary depth. The re-
ulting training set had 2730 input pairs �a magnetic vector and cor-
esponding depth value�: 455 data pairs from each of the six training
ata set depth models. The computational time to generate the train-
ng data set through forward modeling was four hours.

The network architecture, having 25 inputs, initially was assigned
6 hidden-layer units, giving a total of 450 weighted connections
i.e., between the inputs, the hidden-layer processing units, and the
utput processing unit�. Using the training set described, we found
hat the network converged to an error minimum after 4000 itera-
ions, by which time only very negligible decreases in E were seen.
he trained network retained 196 live connections, i.e., over half of
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he network weights were pruned. The number of units in the hidden
ayer was also reduced to 15, indicating the initial network complex-
ty was adequate.

est data

The trained ANN was evaluated initially using forward-modelled
ynthetic test data, based upon the plan of buried wall elements from
n excavated Roman house recorded at Butrint. Figure 2a shows the
est data model and the corresponding forward-modelled response.
he model covers an area of 20 � 20 m; the principal burial depth
f modelled wall sections is −0.3 m. The model also contains fea-
ures that are not incorporated or represented within the training set,
uch as thicker walls and discrete pillar sections. This effectively
orces the network to make generalized predictions over these fea-
ures, providing insight into the way gaps in the training data are
ealt with.

RESULTS

The predicted results obtained from the trained ANN when ap-
lied to the synthetic test data are shown in Figure 2b. The rms error
etween the network output and the test data set is 0.206 m. One can
ee that the network fairly accurately predicts wall depths and geom-
tries represented in the test data set. The estimates of the conditional
ariance ��x� associated with the wall predictions is generally small
Figure 2b�, although it is most noticeable in regions where a low
ensity of training data is likely, i.e., for features not explicitly repre-
ented within the training set data, such as the pillar-like structures
Figure 2a�.

dding noise to the data

The ANN described has some potentially interesting properties
hen considering the inversion of noisy data. The required mapping

igure 2. Forward-modelled test data. �a� Plan of the test data model,
howing modelled wall foundations and corresponding forward-
odelled response. �b� Trained neural network output y and predict-

d conditional variance or errors ��x�.
etween the magnetic field vector x and the required wall section
epth can be viewed as a deterministic function with added noise,
hich within the survey data has been observed to closely follow a
aussian distribution. Because the output of the trained network is

ssentially an estimate of the true mean of the noisy data distributed
round f�x�, the network output is given by the conditional average
f the target data and can be written as

y�x� = �f�x� + 
	x� = f�x� .

ince �
� is approximately zero, the trained network effectively av-
rages over the noise on the data to reveal the underlying determinis-
ic function �Bishop, 1995, p. 205�. This can be demonstrated practi-
ally by using the network to process noisy test data.

A randomized sample of noise was taken from the magnetic sur-
ey data and added to the synthetic data, following the method out-
ined by Scollar �1970�. Here, the Fourier transform of the noise
ample was taken and the modulus and angle were calculated. The
ngular component was then randomized, effectively retaining the
ower spectrum but altering the position and shapes of anomalous
oise features. The randomized noise sample was then added to the
odelled test data. The result is shown in Figure 3a, while the pre-

icted results from the network are shown in Figure 3b. The network
till predicts the depths and position of the wall features relatively
ccurately, showing good overall tolerance to noise. The rms error is
.38 m. However, a number of very large prediction errors �Figure
b� reflects the level of divergence from the training data.
To improve noise performance, the network was retrained using a
odified training set created by adding a similar level of noise to the

raining data shown in Figure 1, using the above procedure. The pre-
icted output of the retrained network when applied to the noisy test
ata is shown in Figure 4a. Predicted wall features are more clearly
efined, while many of the smaller noise responses within the test
ata are ignored by the network. The rms error of 0.271 m indicates
hat training with noisy data is an effective way of building a high
olerance to noise into the network.

igure 3. �a� Revised test data with increased level of noise. �b� Net-
ork output y and �c� predicted errors ��x� when applied to the re-
ised test data. Note the magnitude of predicted errors.
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nhanced network data processing

The training data shown in Figure 1 represent the magnetic re-
ponses of linear wall features in two perpendicular directions only.
n practice, wall alignments recorded within archaeological data
ould occur at any orientation in relation to the survey direction. One
ethod of addressing this problem and also increasing the training

outine’s efficiency is to introduce rotational invariance into the pro-
essed data. This essentially means that the equivalent rotationally
nvariant form of the magnetic response from a given wall section is
he same at any arbitrary orientation. Theoretically, only one orienta-
ion of the training data needs to be modelled for all possible orienta-
ions to be represented.

Because the magnetic response of buried features changes under
otation as a result of the inclination of the geomagnetic field, a re-
uction-to-pole operator was first applied to the data, adding overall
ymmetry to the magnetic anomalies represented �Gunn, 1975�. Ro-
ational invariance was then achieved by calculating the correspond-
ng ninth-order Zernike moments of each input window of data, fol-
owing Prismall et al. �2002� and outlined in Appendix A. Zernike

oments are constructed using a set of complex polynomials that
orm a complete orthogonal basis set invariant to rotation, possess-
ng little information redundancy with a high robustness to noise
Teh and Chin, 1988; Kim and Kim, 2000�. Input normalization was
pplied to the transformed data to encourage the network weights to
emain small.

igure 4. �a� Network output and predicted errors for a network
rained using noisy training data. �b� Network output and predicted
rrors using the Zernike moments preprocessing procedure to intro-
uce rotational invariance into the data. �c� Weighted average com-
ittee output and averaged predicted errors for a committee of five

etworks.
The predicted results from a network trained using rotationally in-
ariant training data �for similarly invariant input data� is shown in
igure 4b. The rms error is 0.268 m, indicating that 20 moments �m
7� represent the data reasonably accurately. There has been a re-

uction in the dimensionality of the input data because there are now
nly 20 network inputs, with no apparent loss in performance. This
s because a reduction in dimensionality leads to less sparse popula-
ion of the input space for a training data set of limited size. Using a
igher order of moments and an increased number of network inputs
as ineffective.
The implementation of the rotational invariance routine potential-

y makes a large section of the training data set redundant, since only
ne orientation of wall now needs to be modeled as opposed to the
rthogonal wall sections present in the training data model �Figure
a�. However, because a significant noise element is also being in-
orporated, there is a high degree of variation between the resulting
raining data elements. The rotationally invariant training set there-
ore contains a larger number of noisy examples compared with pre-
ious training sets, adding to the overall flexibility of the trained net-
ork.

se of a committee of networks

Further improvements in network prediction can be gained by
ombining the output from a number of identically trained networks
nown as a committee, since networks with the same architecture
nd training set are likely to be trained to different local minima of
he error function.

The concept of a committee of networks arises naturally within
he Bayesian framework. The posterior distribution of a network’s
eights can be assumed to have an approximately Gaussian distri-
ution centered on the local minimum of ED �Bishop, 1995, p. 397�.
committee of networks therefore effectively models a set of Gaus-

ians, one centered upon each local minimum �Bishop, 1995, p.
22�. The posterior distribution of the weights can be represented as

p�w	D� = �
i

p�mi,w	D� = �
i

p�w	mi,D�P�mi	D� ,

here mi denotes one of the nonequivalent minima of the error func-
ion and all of its symmetric equivalents �Bishop, 1995, p. 423�. This
istribution can then be used to determine other quantities by inte-
ration over the whole of weight space, so that the mean output pre-
icted by the committee is given by

ȳ = � y�x;w�p�w	D� dw

= �
i

P�mi	D��
�i

y�x;w�p�w	mi,D� dw

= �
i

P�mi	D�ȳi, �8�

here �i denotes the region of weight space surrounding the ith local
inimum and ȳi is the corresponding network prediction averaged

ver this region �Bishop, 1995, p. 423�. Equation 8 shows that the
redicted output is a linear combination of the predictions made by
ach of the networks corresponding to a distinct local minimum,
eighted by the posterior probability of that solution �Bishop, 1995,
. 423�. The network committee can therefore be expected to im-
rove generalization because the extension from a single Gaussian
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o a Gaussian mixture provides a more accurate model for the poste-
ior distribution of weights �Bishop, 1995, p. 424�.

The results from using a committee of five networks is shown in
igure 4c. The rms error for the committee output is 0.231 m, giving
marginal reduction in error. The combination of the outputs from

ndividual networks is achieved by taking the conditional variance
�x� of each prediction and converting them into a set of normalized
eight values for each network. The output from the committee is

hen calculated using a simple weighted average that effectively pe-

igure 5. Application of a network committee to real data. �a� Sec-
ion of magnetic survey data from Butrint over a small building
tructure. �b� Small test trench excavation associated with building
tructure. �c� Weighted average committee output and �d� averaged
redicted errors for a committee of five networks applied to the mag-
etic survey data.

igure 6. Frequency graph of differences between predicted and re-
orded wall section depths over the test trench �40 measurements�.
alizes individual network predictions with a large associated uncer-
ainty by minimizing their contribution to the overall committee out-
ut.

rocessing magnetic survey data

A committee of networks was used to process magnetic survey
ata from Butrint. The survey data, derived from a cesium vapor
agnetometer in gradiometer mode, revealed a series of former

uilding outlines as linear negative anomalies, often with strongly
ontrasting positive anomalous responses. Figure 5a shows a section
f magnetic survey data �measurement interval, 0.5 m; line spacing,
.5 m�, while Figure 5b shows an associated 5 � 2-m test trench,
evealing a surviving section of limestone wall.

The combined output from the committee, when applied to the
urvey data, is shown in Figure 5c. Over the test trench, the rms error
s 0.228 m. The mean average of predicted errors from individual
etworks �Figure 5c� indicates locations where the predicted errors
ere highest. A frequency graph showing the residual errors or dif-

erence between predicted depth values and recorded wall depths for
0 sample points over the test trench is shown in Figure 6. Note that
he committee has a tendency to predict wall foundations at a slightly
eeper level than those recorded within the test trench, although it is
ifficult to draw meaningful conclusions from such a limited amount
f ground-truth data.

CONCLUSIONS

The use of ANNs, while utilizing relatively straightforward and
ell-established neural computing techniques, succeeds in produc-

ng useful depth predictions for buried wall features. Importantly,
he technique offers a high tolerance to noisy data. While some form
f forward modeling is a common element within most inversion
echniques, the ANN approach effectively separates the forward-

odeling �training� phase from the computation or mapping of the
nversion. This allows the practically instantaneous inversion of data
y a trained network, where many inversions can be made cost effec-
ively. This speed is related to the fact that no explicit physical model
s assumed. However, a significant investment needs to be made in
eriving accurate training data and efficient learning procedures,
hich underpin the successful application of this technique.
The ANN described in our study was designed and trained to pro-

ess a specific archaeological data set, where forward-modelled re-
ponses for buried wall structures at varying depths within a fixed
our-layer earth model formed the basis of the training set. A grid of
5 magnetic field strengths formed the network input, while the cor-
esponding target data/network output consisted of a single depth
alue within the center of the input data grid. The very specific na-
ure of the training data means that the resulting committee of trained
etworks could only be applied to new magnetic survey data derived
rom very similar geophysical conditions �including instrument set-
p� and therefore would not have universal application without be-
ng retrained with a newly derived training data set. Within the con-
ext of the current project, however, where the processed magnetic
urvey data represent a small portion of potential data from a large
oman settlement buried beneath a uniform floodplain, future sur-
ey data can be inverted cheaply and quickly by the trained net-
orks. In this situation, the ANN approach is far more efficient than

pplying conventional inversion algorithms, although it would be
nteresting to compare a single ANN inversion with a conventional
lgorithm in terms of overall speed and performance. Neural net-
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ork techniques continue to offer many interesting possibilities for
eophysical data processing, particularly in the fields of inversion
nd signal processing.
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APPENDIX A

ZERNIKE MOMENTS

Complex Zernike moments are constructed using a set of complex
olynomials that forms a complete orthogonal basis set defined upon
unit disc in polar coordinates. Here the theory outlined by Prismall
t al. �2002� is followed, where the orthogonal moments are given by

Zmn =
m + 1

�
�
0

2�

�
0

1

f�r,���Vmn�r,��
*dr d� ,

here m is the order of the moment �m = 0,1,2, . . . , � � and where
is an integer representing the repetition subject to the conditions
+ 	n	 is even and 	n	 � m. The value Vmn�r,�� is the complex-val-

ed Zernike polynomial, with * indicating the complex conjugate.
or a discrete square image of size N � N, Zmn can be calculated us-

ng

Zmn =
m + 1

�

1

�N − 1�2 �
x=0

N−1

�
y=0

N−1

�Vmn�r,��
*f�x,y� .

o map the image onto a unit disc, Cartesian coordinates were
onverted to polar coordinates using r = 
�x2 + y2/
2N and �
tan−1�y /x� so that the center of the input window becomes the ori-

in of the unit disc. The Zernike polynomial Vmn�r,�� is defined by
rismall et al. �2002� as

Vmn�r,�� = Rmn�r�exp−jn�,

here the radial polynomial Rmn�r� is

Rmn�r� = �
s=0

m−	n	/2
�− 1�s�m − s� ! rm−2s

s ! �m + 	n	
2

− s� ! �m − 	n	
2

− s�!

.

his polynomial is such that over the unit disc, 	Rmn�r�	 � 1 and
mn�1� = 1 for any values of m and n. The first six orthogonal radial
olynomials are

R00�r� = 1, R11�r� = r

R20�r� = 2r2 − 1, R22�r� = r2

R31�r� = 3r3 − 2r, R33�r� = r3, . . . ,etc.

he number of Zernike moments generated, up to and including or-
er m, is �m/2 + 1��m + 1�. The total number of Zernike moments
f order m = 10 would therefore be 66. However, Prismall et al.
2002� shows that

Vmn
* �r,�� = Vm,−n�r,�� ,

rom which it follows that

Zmn
* = Zm,−n.

ecause of this relationship, only the moments with n � 0 need to
e known, reducing the total number of moments for m from 10 to
6. Theoretically, none of the original information is lost if the num-
er of moments calculated approaches infinity �Teh and Chin, 1988�.
owever, in this application it is necessary to limit the total number
f moments to give a realistic number of inputs into the network. For
n order of m = 7, the total number of moments is 20.

The Zernike moments generated range from approximately 1.3 to
5 � 10−6. It is therefore necessary to rescale the input variables.
his was achieved by taking each set of input data xi independently
nd calculating the mean x̄i and variance �i

2 following the method
utlined by Bishop �1995, p. 298�:

x̄i =
1

N
�
n=1

N

xi
n

�i
2 =

1

N − 1�
n=1

N

�xi
n − x̄i�2,

here n = 1,2, . . . ,N are the number of patterns in the data set. The
ata for a particular input were then rescaled using

x̃i
n =

xi
n − x̄i

�i
.

he transformed input variables given by x̃i
n have zero mean and unit

tandard deviation over the transformed training set �Bishop, 1995,
. 298�. The input normalization effectively encourages the network
eights to remain small once randomized prior to training.
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