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Abstract−− In this paper the problem of nonlinear 
system compensation is presented.  In particular our 
interest is the compensation of high speed analog to 
digital converters (ADCs). These converters present 
strong nonlinearities which deteriorate the perform-
ance of a digital system in terms of the signal to noise 
and distortion ratio (SINAD). Two traditional com-
pensation methods for this kind of system are re-
viewed. A compensation based on Neural Networks 
(NNs) is proposed and analized. 

Keywords−− Analog to Digital Converters, Nonli-
nearities, Models. 

1. INTRODUCTION 
The actual trend of migration towards digital signal 
processing systems, even for applications that were tra-
ditionally restricted to the analog domain because of 
their high operation frequencies and large bandwidth, 
has created a demand for ADCs of very high speed and 
low distortion.  
In general, high speed ADCs present strong nonlinear 
effects in their transfer function which cause distortion 
in the discrete output signal [5]. These nonlinearities are 
originated in different subsystems of the converter, and 
affect the output determining a joint response [1]. The 
result of this is the presence of harmonic distortion that 
degrades the dynamic range over the frequency band of 
interest in the converter, determining a noise floor (Fig. 
1). Hence, compensation of nonlinearities is needed.    
Two compensation lines are found in the literature [2-
3]. The first one is external calibration, where no de-
tailed information is needed about the physics that rule 
the nonlinearities present at the output. Their joint be-
havior is measured and an external circuit is applied to 
compensate at the required operation point. As a disad-
vantage of this alternative, the solution obtained is 
strongly dependent on the operation point in which the 
converter is used, i.e. the dynamic and frequency range 
of the input signal. This means that calibration has to be 
redone when significant changes in the input signal oc-
cur, with the computational burden and efficiency loss 
that it implies. In other words, a periodic training of the 
calibration circuitry is required.  
The second approach consists in modeling each subsys-
tem of the ADC in circuital terms to identify the nonlin-
ear behavior of each element. This allows the design of 
internal compensations based on the physical laws that 
rule these phenomena and the interaction between them. 
The result is a much more accurate compensation, inde-

pendent of the input signals applied to the converter. 
Another advantage is that once the design is finished 
including internal compensations, it can all be integrated 
in the same chip. 
The cost of this solution is a higher complexity in the 
design and the lack of flexibility. If one wishes to cali-
brate a different ADC, the whole process of study, mod-
eling and design must be performed again. 
The goal of this article is to present the results reached 
in the compensation of different ADC models [1] using 
a NN. Neural Networks are universal approximators, 
and they are known to have good generalization proper-
ties [4]. Previous work has been carried out on the sub-
ject [6] to compensate a mathematical model with its 
parameters adjusted by measurements, but no informa-
tion is provided about the specific structure of the NN. 
In Section 2, the most commonly used compensation 
structures are briefly reviewed. The proposed compen-
sation technique based on NN is described in Section 3, 
and results based on simulations are presented in Sec-
tion 4. This article ends in Section 5 with some conclu-
sions. 

2. BASIC CONCEPTS ON LUTs 
Post-compensation by look-up tables (LUTs) is one of 
most frequently proposed methods for error correction 
in ADCs [8]. In this section, some basic concepts on 
LUTs are briefly reviewed, as they will be used in the 
following sections. The basic idea behind a LUT correc-
tion system is to use the output samples of the converter 
to generate a memory address (or index). This address 
gives access to a particular table entry where a correc-
tion value (that adds to, or replaces, the output sample) 
has previously been saved (Fig. 2). 

 
Fig. 1. Spectrum of the output signal of an ADC for a 
sinusoidal input signal. 



 
Fig. 2. General scheme of a look-up table correction system. 

 
Fig. 3. a) Correction based on replacement. b) Correction by 
addition of the estimated error. 

In this manner, the LUT models the error between the 
converter under test and an ideal ADC. The elements 
that compose the look-up table correction system can be 
divided in: 
• Indexing scheme: determines the manner in which 

the table address index I is generated from the pre-
sent output sample of the converter.  

• Correction or replacement: the table can be used 
either to save the correction values to be added to the 
output sample, or to save values that directly replace 
the output sample from the converter (Fig. 3). 

• Reference signal: There are different ways to obtain 
a reference signal. It is used to calibrate the table and 
therefore its selection is very relevant.  

• Estimation methods: Strategies on how to obtain 
the correction values with which the table will be 
filled from the reference signal.  

Indexing schemes: they represent the key part of a LUT 
system, given the fact that they determine the size and 
structure of the table that will be implemented. The dif-
ference between two indexing schemes is basically how 
they do the mapping of the ADC samples into the corre-
sponding memory address. Some examples are:   

Static index: the index I is directly the n bit digital word 
corresponding to the present sample provided by the 
converter. It does not depend on the values from past 
samples. As an advantage, it requires the minimum 
amount of memory. However, this scheme does not take 
into account the dynamics of the sampled signal, and it 
has been proven that it can enhance the performance of 
the converter at some frequencies while deteriorating it 
at others. 
State space indexing: one way to introduce information 
about the dynamics of the input signal consists of using 
both the present and previous sample to generate the 

address index I. Basically, if the converter provides an n 
bit digital word, the present and previous samples are 
combined and an index of length equal to 2n bits is ob-
tained.  

Suma/reemplazo 

This method can be generalized using k past samples 
along with the present sample to generate the index I, 
but the memory required to save the table grows expo-
nentially as a function of k.  

Indizado 

Phase-plane indexing: In this case, the address index for 
the table is generated from a combination of the present 
sample and an estimate of the slope of the input signal. 
The estimation of the slope can be obtained as the dif-
ference between the present sample and the previous 
one, using a FIR filter as a derivator, or using an analog 
derivator sampled by another ADC. This method can 
also be generalized to use the first k derivatives of the 
input signal. 

3. COMPENSATION BY NEURAL NETWORKS 
As previously mentioned, one of the most well known 
methods for compensation of errors due to nonlineari-
ties in AD converters is post-correction using LUTs. 
The method consists on using the present output sample 
of the ADC as a memory address for a table where the 
estimated error from the converter has previously been 
saved. Then, the estimated error is subtracted from each 
output word from the converter to obtain an output word 
equal to that of an ideal ADC. However, depending on 
the dynamics of the system, the ADC may produce dif-
ferent errors for the same output word. Taking this into 
consideration, the memory address for the table is often 
obtained by using not only the present output word from 
the ADC but also some amount of previous samples. In 
this manner, the dynamics of the input signal is taken 
into account during the correction process. However, 
the size of the table grows exponentially as a function of 
the number of past samples included. In addition, the 
amount of memory required also grows exponentially as 
a function of the number of bits of resolution in the 
converter.  
Another disadvantage of this method is that a very in-
tensive experimental work is needed to detect the value 
of the errors with which the table will be filled.  
In order to solve this issue, the use of a smaller table to 
train a NN is proposed in [6]. The basic idea is to use 
the trained NN as a substitute for the bigger sized table 
that would be necessary otherwise. The goal is to train 
the NN with a series of data consisting in some sets of 
present and previous output words and their correspond-
ing error, such that given any other combination of pre-
sent and previous samples, the NN gives a good esti-
mate of the error committed by the ADC. Hence, it is a 
generalization problem. 
The NN that will be used is a single layer perceptron 
with as many inputs as output words from the ADC are 
used in the estimation, and a single output representing 
the error value to be subtracted from the present output 
word (Fig. 5). Two models developed by the authors in 
a previous article [1] will be used to test the compensa-
tion scheme. The first model is a circuital model of a 4 



bit flash ADC and the second is the circuital model of a 
7 bit pipelined ADC based on the first model. These 
models offer a good representation of the static and dy-
namic nonlinearities of a real ADC [5, 7].  
The compensation process can be divided into three 
stages. The first stage is the calculation of the error 
committed by the converter compared to an ideal ADC 
(Fig. 6) for some sets of data and its storage in a small 
sized LUT.  The indexing scheme for this LUT will be 
of state-space type with a memory of k past samples, 
according to the memory effect observed in the circuital 
ADC model used [1]. However, the LUT will not be 
completely filled but only some random values will be 
used, and the rest of the table values will be predicted 
by the NN. Thus, a small sized LUT can be used to train 
a NN that will be equivalent to a much bigger table. 
This procedure is illustrated in Figure 4.  
Once the table has been filled, the error data set is di-
vided in two parts, one for training the NN and the other 
to perform a validation of the results. The NN used is a 
single layer perceptron with N neurons, k+1 inputs, and 
a single output. The inputs are the present and k past 
output words from the ADC under test, and the desired 
output is the measured error that occurs for that combi-
nation of inputs (Fig. 5).  
Second stage is then to train the NN that will replace the 
table in the compensation scheme. Given the data set of 
k+1 inputs and the corresponding desired output, the 
training of the NN is performed using a back-
propagation algorithm [4], where the weighs and bias 
are computed to minimize the error gradient between 
the response of the net and the desired output (Fig. 6).  
Third stage is the validation phase of the NN as com-
pensator. In order to perform the validation, a data set 
different to the one used for training is considered, and 
the performance of the compensation is evaluated. This 
is achieved by comparing the output of the compensated 
system with that of an ideal ADC (Fig. 7). Ideally, there 
should be no difference between them. 

 

Fig. 4. Modeling process of the error signal between an ideal 
ADC and the converter to be calibrated. 

 
Fig. 5. Topology of the NN used. 

 

Fig. 6.  Training of the Neural Network. 

 

Fig. 7. Validation of the Neural Network. 

4. SIMULATIONS AND RESULTS 
The ADC models for simulation described in [1] were 
used in order to analyze and test the proposed ADC 
compensation scheme. The first model is the circuital 
model of a 4 bit flash ADC. The input-output data from 
this converter are obtained by circuital simulations in 
Spice. Based on this model, it is also obtained the cir-
cuital model of a 7 bit two stage pipelined ADC [1, 9]. 
An ideal ADC was simulated in MATLAB to allow for 
comparison of both models with an ideal converter and 
estimate the resulting error for each of them. 
First, the amplitude quantization of a sinusoidal signal 
was simulated using the circuital, mathematical and 
ideal ADC models. Then, the time quantization of the 
signals was performed using a clock determining a sam-
pling frequency 5 times higher than the frequency of the 
signal. In this manner, a data set of 1650 input-output 
values was for each of the three mentioned ADC mod-
els. 
Next, given the same input signal, an error vector was 
calculated as the difference in the output data between 
the ideal and the circuital models. This error signal was 
then saved in a table for later usage. The circuital model 
was chosen to perform the compensation because of the 
more severe distortion that it presents. 
This error vector represents the desired output needed 
for training the NN, and once it has been obtained, the 
first phase of the compensation process finishes as de-
scribed in the previous section. This process was re-
peated for the circuital model of a 7 bit pipelined ADC, 
with an effective sampling frequency 20 times higher 
than the frequency of the input signal. 
From these data series, two third parts were used to train 
the neural network and the rest for validation. For the 
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training phase, a data series of present and past output 
samples from the circuital models were used as the in-
put to the NN and the error vector was used as the de-
sired output.  

3.1.1. Circuital model 1 – 4 bit flash ADC 

The NN used is a single layer perceptron, with sigmoi-
dal activation functions for the neurons of the hidden 
layer and a linear activation function for the output neu-
ron.   

Several NN of this type were simulated and the Mean 
Squared Error (MSE) in training and validation was 
computed as a function of the number of neurons in the 
hidden layer, for the case of one single past sample used 
to model the memory of the system. The plot is shown 
in Fig. 8. 

It can be seen from the figure that the MSE both in 
training and validation decreases as a function of the 
number of neurons in the first layer until 8 neurons are 
used, and then it remains constant. However, the MSE is 
not as small as expected. 

In order to further reduce the error, a longer memory 
effect was included. Thus, the process was repeated 
taking into account a memory of 15 past samples as 
input to the NN. The results are shown in Fig. 9. In this 
case, an important reduction in the MSE is observed, 
which means the memory of the system is longer than 
one. In addition, the decreasing tendency of the error as 
a function of the number of neurons continues beyond 
20 neurons.  

Then, several NNs with 25 neurons in the hidden layer 
were simulated varying the number of past samples used 
as inputs to the net, in order to determine the memory of 
the system. The MSE in training and validation was 
computed again under these conditions (Fig. 10). There 
is an evident reduction of the error as a function of the 
number of past samples included as inputs. It can also 
be seen that this reduction is significant until the mem-
ory is augmented to 25 samples, where the minimum 
error in validation is reached. The MSE in training con-
tinues to drop as an over-adjustment occurs 

From the previous analysis we conclude that the best 
perceptron type NN to compensate the circuital model 
of the 4 bit flash ADC must have 25 neurons in the hid-
den layer and use a 25 tap delay line at the input to 
model the memory of the system. 

Finally, a simulation of the compensated system was 
carried out and the error obtained was analyzed com-
pared to the error of the system without compensation. 

For this purpose, a data set not included in training was 
used. Fig. 11 shows the error for both cases normalized 
to a Least Significant Bit (LSB). It should be noticed 
that only an error larger than ± 0.5 LSB will produce an 
error on the output digital word from the converter. 
Hence, the compensated system will produce less error. 
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Fig. 8.  MSE in validation (blue) and MSE in training (black) 
vs. Number of neurons for a memory of one sample. 
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Fig. 9. MSE in validation (blue) and MSE in training (black) 
vs. Number of neurons for a memory of 15 samples. 
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Fig. 10.  MSE in validation (blue) and MSE in training (black) 
vs. memory length for a NN with 25 neurons. 
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Fig. 11.  Error signal form the compensated system (blue) and 
without compensation (black). 
On the other hand, the memory needed in this compen-
sation scheme is less than 2KB. Considering that k = 25 
past samples were used to model the dynamic behavior 
of the system, and that the memory required in a tradi-
tional LUT compensation scheme grows exponentially 
with k, an equivalent LUT system would require a 
memory of  bytes. This means 
that the implementation of an equivalent solution using 
a plain LUT for correction is not feasible. 

301004.25 1026.122 ×==



3.1.2. Circuital model 2 – 7 bit pipelined ADC 
In the same manner as in the previous case, several sin-
gle layer perceptron type NNs were simulated. Then, the 
MSE in training and validation was computed as a func-
tion of the number of neurons used for a memory length 
of 10 samples. The plot is shown in Fig. 12.  
As can be seen from the figure, in this case the number 
of neurons needed is 15, as no reduction in the MSE is 
obtained for a larger amount of neurons. Again, the 
process of simulation was repeated for several NN of 
fixed number of neurons, but varying the amount of past 
samples used to model the memory of the system. It can 
be seen that the MMSE in validation is obtained for a 
memory of 10 samples, as shown in Fig. 13. 
Figure 14 shows the real error committed by the pipe-
lined ADC and the prediction given by the neural net-
work, both obtained for a data set different from the one 
used for training of the NN. The parameters of the neu-
ral network used were 15 neurons in the hidden layer 
and 10 tap delay line to represent the memory of the 
system. 
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Fig. 12. MSE in validation (blue) and MSE in training (black) 
vs. Number of neurons for a memory of 10 samples. 
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Fig. 13. MSE in validation (blue) and MSE in training (black) 
vs. memory length for a NN with 15 neurons. 
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Fig. 14. Error signal form the compensated system (black) and 
prediction from the NN (blue)  
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Fig. 15. Error signal form the compensated system (blue) and 
without compensation (black). 

Finally, in Fig. 15 the error signal from the 7 bit two 
stages pipelined ADC is shown, before and after com-
pensation is applied.  
It is important to remark that the number of neurons in 
the hidden layer and the number of past samples used to 
model the memory of the system are determined by trial 
and error.  These parameters should be analyzed for 
each different ADC under consideration. 

5. CONCLUSIONS. 
In this work, ADC compensation techniques are de-
scribed and the results obtained for a compensation 
based on artificial neural networks are detailed, both for 
the case of a 4 bit flash ADC and a 7 bit two stage pipe-
lined ADC. These models are extracted from previous 
work of the authors. It is shown that this compensation 
scheme leads to good results in the prediction and can-
cellation of errors with a computational cost that is not 
excessively high. In addition, the optimal parameters for 
the NN used can be uniquely determined for each mod-
el, leading to the smallest error possible. 
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