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Abstract: The use of the wavelet network for ADC modelling is proposed in the
paper. In particular, an original technique is set up capable of identifying the domain
of each mother wavelet involved and establishing a compact and complete training
set. Moreover, to reduce the complexity of the architecture of the wavelet network
and its learning stage, the initialisation is based on the evaluation of all voltage
values related to the transitions of the ADC. The technique is applied to a simulated
ADC as well as an actual ADC, and several tests are carried out both in the time and
frequency domain. The obtained results highlight the advantages of the proposed
model if compared to those granted by a neural network-based model.
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1 INTRODUCTION

Analogue-to-Digital Converter (ADC) modelling is of great interest from a design as well as
simulation and testing point of view. The greatest difficulties in setting up a suitable model of an ADC
arise from the shape of its transfer function, which is typically piecewise linear. Different models have
already been proposed in literature, each of which shows some limitations due mainly to: (i) its
complexity, (i) its difficulty of representing error sources, (iii) the particular architecture of the ADC,
and (iv) the adopted technique for parameter identification [1-8].

A new approach based on Artificial Neural Networks (ANNs) has recently been proposed for ADC
modelling [9]. This approach succeeds in overcoming some of the aforementioned limitations, and,
thanks to ANN generalisation capability, it shows itself independent of the ADC architecture.
Moreover, it can be applied in a wide frequency spectrum which avoids the necessity of re-identifying
the model. However, due to finite value of the steepness of the sigmoidal transfer function of each
neuron, the higher the ADC resolution, the more complex the ANN structure and the greater the
number of iterations needed for the ANN learning stage.

To reduce the complexity of both the structure and learning stage without compromising all the
advantages of ANN-based ADC models, a suitable technique is proposed and experimented in the
paper. The technique makes use of the so-called Wavelet Networks (WNSs) for classification [10,11],
and it exploits an innovative procedure capable of optimising WN design.

WNs are widely used in the approximation of non-linear systems [12-14]; they consist of a
computational scheme that combines the mathematical rigor of the wavelet theory with the adaptive
learning properties of ANNs. Their architecture is similar to ANNs’: with one hidden layer and is based
on the inverse discrete wavelet transform. Differently from the ANN, the architecture and the network
parameters are determined directly by means of both the initialisation procedure based on the wavelet
theory and the training set. The following training phase is used to increase the WN output accuracy
only.

After a brief description of the theory underlying the definition, design, and implementation of the
WN, the fundamental stages of the proposed technique are described in detail with reference to a
numerical example related to the ADC model presented in [15]. An actual ADC is then considered,
and the performance of the obtained model is assessed by means of tests in both the time and
frequency domain. A comparison is finally drawn between the achieved results and those furnished by
an ANN-based model of the same ADC in order to highlight the reduced complexity of both the
structure and learning strategy.

2 ADC MODELLING THROUGH WN

In the last years, WNs have been established as a general approximation tool for fitting non-linear
model from input/output data [10,11]. A brief overview is given in the following.

The general structure of a WN showing universal approximation property has the following
expression:
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9(X)=én_Wi®[di(X' t)]+cTx+b, wi,d;, i, t,6,bT R (1)

i=1

where @(.) is the mother wavelet, d; the dilatation parameter, t; the translation parameter, w; the

weight, n the number of wavelets. The additional term, c'x+b, is useful in the presence of functions
defined on a finite domain and characterised by a non-zero mean value [11]. If the family of wavelets
in the relation (1), is the orthonormal base of L" (R), the WN is capable of approximating all functions
defined in L"(R). Indeed, if the mother wavelet is bounded in the definition domain, each wavelet both
appropriately translated and dilated gives contribution to the over all approximation. The dimension of
the definition domain establishes the scale factor of the wavelet. The initial values of the dilatation
parameter, translation parameter and weights are established by a suitable procedure. Successively,
the same parameters are adjusted by a learning algorithm based on a sample of input/output pairs
{x,f(x)}, where f(x) is the function to be approximated; The Gauss-Newton algorithm is commonly

used in these cases. Problems due to local minima are avoided because the initial values of the
parameters are close to the final ones.

The proposal of the WN as a tool for ADC modelling claims for a structure characterised by both
approximation and classification properties. The network structure, mother wavelet, and parameter
values influence the WN's properties and, consequently, they have to be fixed appropriately. To this
aim, a technique for designing a WN characterised by approximation and classification properties is
presented in the following. In particular, the technique operates so as both the WN structure and the
initialisation procedure are modified and adapted to the new goal of the WN.

First of all, a modification is addressed to the structure given in (1) by suppressing the term c'x+b.
The resulting structure is illustrated in Fig.1. The combination of the translation t;, dilation d;, and
wavelet, on the same line, constitutes the wavelon (wl).

The classification properties depend on the mother wavelet, which must have a step size form. The
approximation properties depend on the final values of the parameters of each wavelon. Moreover, to
make it competitive and useful compared to other modelling techniques, the WN for ADC modelling
must achieve the following objectives in determining the mother wavelet and the parameters:

1. good classification property have to be shown;
2. the learning phase has to be fast.

The classifying capacity of this WN strongly depends on the distribution of the training data and on
the scale levels utilised to construct the mother wavelet; a long and complex stage, like that
characterising ANNSs, for establishing the training parameters of the WN may be necessary. However,
several experimental observations have allowed the understanding that fewer wavelets are capable of
providing a greater number of degrees of freedom, whilst maintaining a good classification capability.
On the contrary, too many wavelets make the WN static; more restrictions are imposed and,
consequently, the classification capability is reduced.

To understand the relation between the number of wavelets and training curves, it is necessary
both to highlight how the scale levels are generated and establish the number of wavelets needed to
cover the input range. Each level covers a portion of the range of the input data with a resolution
increasing upon the number of levels' increasing.

Figure 1. Structure of a wavelet network for classification; the wavelons wil,,...,wl, are highlighted.
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Taking into account the nominal way of operation of an ADC, the definition domain D of the WN is
constituted by the union of n+1 voltage interval I;, compact and disjoined from one another

n+1

D= Ju={v:vini=1.,n+1 )

i=1

where n denotes the number of transitions occurring. Each interval, |;, is defined by two successive
voltage values, V; and V,,; for i=0,...,n (Fig.2). In particular, the voltage values V;, (for i=1,...,n) stand
for the nominal transition levels; Vo= 0 if the ADC is uni-polar or Vo= —Vs if not, and Vp.1=Vs.

In Fig.2, the scale level, sl, of the i-th wavelet is related to the length of the segment the extremes
of which are the two transaction values V;; and V;; specifically, sl; is given by V-V, for i=1,...,n+1.
Furthermore, this segment also establishes the domain of the i-th wavelet. It can be noted how, for
each level, the related wavelets cover the input range with a more and more increasing resolution,
ri=2/sl; for i=1...n+1. The segment associated to the scale level contains all the resolution and
separation values of the lower levels.

Once the desired number of scale levels is fixed, it is possible to determine both the training set
and the number of wavelets, which the WN has to contain. In particular, the training set consists of the
separation and resolution values of the highest level; furthermore, the number of scale levels
determines also the number of wavelets to be used.

The lowest number of scale levels (L) is

L, =80g,(n-D+1. 3)

The number of scale levels given by (3) has significance when the domain D is constituted by
ordered sub-sets satisfying the cardinality property. For a real ADC, being its operation modes quite
different from those characterising an ideal one, it is hecessary to generate new scale levels in order
to achieve the requested accuracy. As a consequence, the number of scale levels is L>L,.

The total number of candidate wavelets for modelling a real ADC is:

L
Nw:§2i'l+(L-Lm)(n-1). (4)
i=1

A selection algorithm can be used in the training phase for reducing the number of candidate
wavelets. This algorithm eliminates the wavelets contributing very little in the classification of the input
signal, thus reducing architecture complexity and speeding up both the learning and production phase.
The initial value of the weights can be obtained by solving a linear system.

The wavelet that can be used for ADC modelling is a on/off function with only two decisional levels
in its domain. This is the Haar function in the form:

i-1 0<d(x-t)£05

Hd(x-t)=t1 05<d(x-t)El (5)

1,' 0 otherwise.

The dilation parameter d; is used to adapt the wavelet to the specific domain, the translation
parameter t; serves to adapt the wavelet to the transition level.
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Figure 2. Domains of the wavelets constituting the WN for ideal ADC modelling with n transition
levels.
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3 APPLICATION EXAMPLE

A numerical example is reported in the following. The goal of this example is both to define all the
steps to be taken and clarify all the rules that allow the optimisation of the structure of the WN.

An ideal 2-bit ADC with full-scale voltage, Vs, equal tolV is considered. The number of transitions,
n, is equal to 3. These transitions occur at the voltage values:

As a consequence, the domain, D, is the union of the disjoined and compact voltage intervals, |; for
i=1,...,4, given by:

I, =[0,....0.25], I, =]0.25,....0.5] I; =]0.5,...,0.75] I, =]0.75,...]. (6)

For each interval, the wavelet is constructed according to the relation (4). The related resolutions, r;
for i=1,..., 4, are equal to 2 (Fig.3a). Due to the specific symmetry of the characteristic in Fig.3b, only
two wavelets have to be used, as stated by the relation (3). The training set consists of:

TS ={(00),(0.1250),(0.250),(0.375,0.25),(0.5,0.25),(0.6250.5),(0.750.5),(0.8750.75), (10.75)} . (7)

In the modelling of real ADC the scale levels, the voltage intervals [;, i=1,...,4: and the training set
will be modified according to the required accuracy.

0.8,

=025 1=

vin [V]
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Y= Vi=0.26 . Wa=0.TE Wa=itls Wi=0 Vi=0.28 . Va=0O.TE Wa=its

a) b)

Figure 3. Candidate wavelets for modelling the ideal 2-bit ADC: a) three candidate wavelets placed
in correspondence with the transition voltages; b) two candidate wavelets are selected due
to the symmetry of the ADC characteristic; d;, d,, and ds; represent the values of the
dilatations parameters.

4 ACTUAL ADC MODELLING BY WN

To assess the performance of the proposed technique, the mathematical model shown in [15] has
been used as the ADC under test. The model gives the possibility of constructing the learning, test
and validation sets for the WN. Moreover, delay, distortion, gain and offset errors have been
introduced in the model in order to force non-ideal behaviour. Finally, the same values given in [9]
have been adopted for the parameters of the model in order to draw a reliable comparison between
the performance of the WN-based model and that granted by ANN-based model.

Fig.4 shows the output both of the WN and the mathematical model for a 6-bit ADC; a sinusoidal
signal with unitary amplitude has been used as input. The difference between the two outputs is below
1.25x10™ LSB. The WN is characterised by 58 wavelons and 14 scale levels. Fig.5 shows the spectra
of the output signal.

Fig.6 shows the output both of the WN and the mathematical model for a 10-bit ADC; a sinusoidal
signal with unitary amplitude has been used as input. The difference between the two outputs is below
5x10™*? LSB. The WN is characterised by 887 wavelons and 21 scale levels. Fig.7 shows the spectra
of the output signal.

Fig.8 compares the output both of the WN and an actual 6-bit ADC; a sinusoidal signal with unitary
amplitude has been used as input. The difference between the two outputs is below 1x10™ LSB. The
WN is characterised by 62 wavelons and 15 scale levels. Fig.7 shows the spectra of the output signal.



XVI IMEKO World Congress
Measurement - Supports Science - Improves Technology - Protects Environment ... and Provides Employment - Now and in the Future
Vienna, AUSTRIA, 2000, September 25-28

1 o o
_/H.-\. rd \\
D& ", ' ' o
/ / % -
<0ay ! 5 o |
| — L 1
| 100
o4 L Ir | 1 ] | A TN 3 b
/ \ 2. ol AR | iy
0z \ F Y £ -1 | | VT | |
h Y r F
0 o B 200
0 05 1 15 z 75 3 35 4 (] 50 100 150 ) =) 300
= Wl
ol o
& ‘ -
a5 ! g
8 = -t (
As0 .|I ' I.Il|l"" i _.I..,I.-
4 .
& s ] 15 z zB 2 35 F My B0 100 180 P 280 00
¥ frms| . f [iz]

Figure 4. Output of both the WN and mathematical Figure 5. Spectra of the output both of the WN
model for a 6-bit ADC with a sinusoidal

and mathematical model for the 6-bit

signal as input (upper); difference ADC in the operating conditions of
between the two outputs (lower) Fig. 4.
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Figure 6. Output of both the WN and mathematical Figure 7. Spectra of the output both of the WN

model for a 10-bit ADC with a sinusoidal

and mathematical model for the 10-

signal as input (upper); difference bit ADC in the operating conditions
between the two outputs (lower). of Fig. 6.
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Figure 8. Output both of the WN model and an Figure 9. Spectra of the output both of the WN

and mathematical model for the actual
ADC in the operating conditions of
Fig.8.

actual ADC with a sinusoidal signal as
input (upper); difference between the
two outputs (lower).
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In all the previous models, the scale level is greater than the ADC resolution. This is due to the fact
that the characteristic of the ADC, which includes delay, distortion, gain, and offset errors, is quite
different from the ideal one; a greater number of wavelons is needed if compared to that required in
the ideal case. The increasing number of wavelons allows to reduce the number of elements of the
training set used by each wavelon and consequently increases the model accuracy.

The architectures of the ANN in same case studies [9] are more complex, and require a greater
number of iterations in the learning phase; moreover, the difference between the output of the ANN
model and that of the mathematical model, or the actual ADC, is always in the range 0.5 LSB+1LSB.

5 CONCLUSIONS

The paper has proposed a new Wavelet Network-based technique for ADC modelling. The
technique has been described in detailed and its generality, i.e. independence of a particular ADC
architecture, has also been highlighted.

The validity of the proposed technique has been proved by means of a simulation study as well as
an application to an actual ADC. The obtained results have established the advantage of the
WN-based model with respect to an ANN-based model. In particular, the following conclusions can be
drawn:

1. the approximation and generalization properties of the WN depend on the number of scale levels;

2. the training set must be organised in such a way that the different slopes in the ADC characteristic
have to be taken into account;

3. the initialisation procedure and learning phase are faster with respect to ANN’s;

4. the structure of the WN has a more reduced complexity than ANN'’s.

REFERENCES

[1] G. Ruan, “A Behavioral Model of A/D Converters Using a Mixed-Mode Simulator”, IEEE J. Solid-State
Circuits, vol.26, pp. 283-290, 1991.

[2] A. Baccigalupi, P. Daponte, M D’Apuzzo, “An ADC Error Model for Testing Digitising Signal Analyzer”, 5"
IMEKO TC-4 Symp., 1992, pp. 167-174.

[3] S. Brigati, V. Liberali, F. Maloberti, “Precision Behavioral Modelling of Circuit Components for Data
Converters”, Proc. ADDA '94 Conference, 1994, pp. 110-114.

[4] G. N. Stenbakken, T. M. Souders, “Developing Linear Error Models for Analog Devices", IEEE Trans.
Instrum. Meas., vol.43, No.2, pp. 157-163, 1994.

[5] D. Dumlugol, D. Webber, “Analog Modelling Using Event-Driven HDL's", Proc. 7™ Int. Conf. VLSI Design,
1994, pp. 53-56.

[6] P. Arpaia, P. Daponte, L. Michaeli, "Analytical a Priori Approach to Phase-Plane Modelling of SAR A/D
Converters”, IEEE Trans. Instrum. Meas., vol.47, No.4, pp.849-857, 1998.

[71 P. Arpaia, P. Daponte, L. Michaeli, "The influence of the architecture on ADC modelling”, IEEE Trans.
Instrum. Meas., vol.48, No.5, pp.956-967, 1999.

[8] P. Arpaia, P. Daponte, L. Michaeli, "A Dynamic Error Model for Integrating Analog-to-Digital Converters”,
Measurement, vol.25, pp.255-264, 1999.

[9] A. Bernieri, P. Daponte, D. Grimaldi, “ADC Neural Modelling”, IEEE Tans. Instrum. Meas. vol.45, No.2, pp.
627-633, 1996.

[10] Q. Zhang, A. Benveniste, "Wavelet Networks", IEEE Trans. Neural Net., vol.3, pp. 889-898, 1992.

[11] Q. Zhang, "Using Wavelet Network in Nonparametric Estimation”, IEEE Trans. Neural Network, vol.8, pp.
227-236, 1997.

[12] L.Angrisani, P.Daponte, M.D’Apuzzo, A.Testa, “A measurement method based on the wavelet transform for
power quality analysis,” IEEE Trans. on Power Delivery, vol.13, No.4, Oct. 1998, pp.990-998.

[13] L.Angrisani, P.Daponte, M.D’'Apuzzo, “A method based on wavelet networks for the detection and
classification of transients”, IEEE Inter. Meas. and Tech. Cong. 1998, St. Paul, Minnesota, U.S.A., 18-21
Maggio, 1998, vol.ll, pp.903-908.

[14] L.Angrisani, P.Daponte, “Thin thickness measurements by means of a wavelet transform based method,”
Measurement, vol. 20, No. 4, pp. 227-242, Ottobre 1997.

[15] A. Baccigalupi, P. Daponte, M D’Apuzzo, “An improved error model of data acquisition systems”, IEEE
Trans. Instrum. Meas., vol.43, pp. 220-225, 1994.

AUTHORS: Prof. Ing L. Angrisani, Department of Computer and System Science, University of Naples
“Federico II", via Claudio 21, 80125 Napoli, Italy, Phone ++30 081 7683238, Fax ++39 081 2396897,
E-mail: angrisan@unina.it.

Prof. Ing. D. Grimaldi, Dr. G. Lanzillotti, Dr. C. Primiceri. Department of Electronics, Computer and
System Science, University of Calabria, 87036 Rende (CS), Italy, Phone ++39 0984 494712, Fax
++39 0984 494712, E-mail: grimaldi@deis.unical.it.



