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Abstract—In the conventional ADC production test method, a 
high-quality analogue sine wave is applied to the Analogue-to-
Digital Converter (ADC), which is expensive to generate. 
Nowadays, an increasing number of ADCs are integrated into 
a system-on-chip (SoC) platform design, which usually 
contains a digital embedded processor. In such a platform, a 
digital pulse wave is obviously less expensive to generate than 
an accurate analogue sine wave. As a result, the usage of a 
digital pulse wave has been investigated to test ADCs as the 
test stimulus. In this paper, the ability of a digital adaptive 
pulse wave for ADC testing is presented via the measurement 
results. Instead of the conventional FFT analysis, a time-
domain analysis is exploited for post-processing, from which a 
signature result can be obtained. This signature can distinguish 
between faulty devices and the fault-free devices. It is also used 
in the machine-learning-based test method to predict the 
dynamic specifications of the ADC. The experimental results of 
a 12-bit 80 M/s pipelined ADC are shown to evaluate the 
sensitivity and accuracy of using a pulse wave to test an ADC.   

Keywords- ADC, test,  pulse wave, machine-learning-based, 
signature, measurement 

I. INTRODUCTION 
In production testing, the multi-site test is a very 

attractive test method to decrease test time and cost as it can 
test several chips in parallel [1]. However, for ADC testing, 
the multi-site test is still limited by the requirement of high-
quality analogue input stimuli. Nowadays, a large number of 
ADCs are implemented for multi-media and communication 
systems as the interface between the analogue world and the 
digital world. In order to adapt to the fast development of the 
digital circuitry, the speed and the resolution of the ADCs 
are increasing rapidly. It also increases the requirements of 
the quality of the test stimulus, which increases the cost of 
testing significantly.  

Recently, several efforts have been made to decrease the 
cost of test-signal generation for RF or mixed-signal testing. 
In [2], a white noise is applied as the test stimulus for ADC 
testing, which requires low Silicon area overhead for Built-
In-Self-Test (BIST). With the noise input, the static errors of 
the Device-Under-Test DUT can be estimated from the 
spectral analysis. The method has been successfully 
validated on an 8-bit ADC. In reference [3], the authors 
exploit a staircase-like exponential waveform as the test 

stimulus. A pulse-width-modulation (PWM) signal and an 
off-chip RC filter are required for generating this input 
signal. Finally, it is validated that the 3rd harmonic distortion 
of an ADC up to 20 bits can be tested by using a 3rd order 
polynomial fitting algorithm. However, the test accuracy is 
limited by the linearity of the off-chip RC filter. In [4], the 
machine-learning-based method is applied to test a high-
speed ADC. Testing a high-speed ADC requires a high-
frequency and high-quality input test signal, which is very 
expensive to generate in production testing. In order to 
decrease the expense, the authors exploit two low-frequency 
signal, a mixer and a band-pass filter to generate the high-
frequency signal. However, the quality of the signal is still 
not sufficient for conventional ADC testing. As a result, only 
a signature test is carried out with this low-quality signal. 
Then a mapping function, which is built up via the training 
data, can map the signature results to the specification space. 
In this way, the dynamic specifications can be predicted from 
the signatures. The work in [5] proposes a low-cost test for 
RF circuits using a relatively low-frequency two-tone signal 
as the test stimulus. An additional on-chip envelope detector 
is required for obtaining the wavelet coefficients, which are 
calculated via the wavelet transforms. Subsequently, the 
wavelet coefficients are mapped to the specification space by 
using the machine-learning-based method.  

In the past decades, an analogue sine-wave is usually 
applied as the test stimulus for ADC testing. Looking at the 
present applications of ADCs, more and more ADCs are 
integrated with embedded digital processors, which can 
generate digital signal more easily than an analogue sine-
wave. As result, in this work we focus on investigating the 
ability of a pulse wave for testing ADCs by analyzing the 
measurement results. A time-domain analysis is carried out 
for post-processing. As result, a signature can be obtained, 
which can detect the faults in the ADCs. Later, a machine-
learning-based test approach is applied to map the signature 
result to the conventional dynamic specifications of the 
ADCs. In this way, the dynamic testing of an ADC only 
requires a simple signature test. 

In our previous work [6], [7], we showed the simulation 
results of using a pulse wave to test ADCs. In this paper, the 
experimental results are shown and discussed to evaluate the 
methods as presented in [6] and [7]. The paper is organized 
as follows.  In section 2, the methods of using a pulse wave 



for ADC testing are presented. The measurement results and 
analysis of the methods are shown in section 3. The 
conclusion is presented in the last section. 

II. METHODS OF USING A PULSE WAVE FOR ADC 
TESTING 

A. Deviation Comparison by Using Amplitude of the ADC 
Output 
In our previous work [6], a signature out-of-range 

percentage (ORP) is introduced, which can distinguish 
between faulty devices and fault-free devices. An adaptive 
pulse wave is applied as test stimulus. The basic concept is 
that of detecting the faults by comparing the output 
waveforms of the DUTs with the ones of reference devices. 
A number of golden devices are exploited as the reference 
devices, which are a collection of the examples of the fault-
free devices. When the performance of the ADCs decreases, 
the values of the ORP become larger. The basic steps for 
calculating ORP are shown as follows: 

Step 1: Apply the pulse wave to the golden devices. For 
each golden device, an array of the amplitudes Am of the 
output waveform can be obtained. The element Am(i) 
represents the amplitude of the ith sampling point. By 
comparing the output of all the golden devices, the 
maximum value Ammax(i) and the minimum value Ammin(i) 
can be obtained for the ith sampling point. 
Step 2: Apply the same pulse wave to all the DUTs. An 
array of the amplitude AmDUT for each DUT can be obtained 
as well. For the ith sampling point AmDUT (i), it is verified if 
it is within the range [Ammin (i), Ammax (i)]. Otherwise, the 
absolute value of the amplitude deviation ∆Am(i) will be 
calculated.  
Step 3: Accumulate the amplitude deviation for all the 
sampling points to obtain the ORP as: 
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, where N is the total number of the sampling points. 

B. Machine-learning-based Test Using the Pulse Wave 
The machine-learning-based method is an efficient 

method for mapping the signature results to the specification 
results. In this way, the complicated specification test only 
has to be carried out on the training set. For the DUTs, it can 
be replaced by the signature test. The basic concept of this 
method is depicted as in Figure 1. One can see that the 
important condition to realize the method is that the 
signature and the specification must be correlated with each 
other. The better correlation between them, the more 
accurate estimated specifications can be obtained.  

The multivariate adaptive regression splines (MARS) 
analysis is usually exploited for building the mapping 
function between the signature and the specifications, as its 

main function is to predict a dependent variable from a set 
of independent predictor variables [8].  

DUT 

Input stimulus Signature       Specification 

mapping 

 

Figure 1. The principle of the machine-learning-based method [7] 

As the signature ORP is correlated with the dynamic 
performance of the ADCs, it is applied for the machine-
learning-based method. The machine-learning-based method 
for testing ADCs can be carried out by the following steps: 

Step 1: A number of ADCs are selected as the training set, 
which should cover all the corner cases for better prediction. 
Step 2: The conventional specification test is carried out on 
the training set.  
Step 3: The signature test is carried out on the training set. 
Step 4: A mapping function can be built between the 
signature and the specification, which are the input and the 
output of the function respectively. 
Step 5: The signature test is carried out on all the DUTs. 
The input stimulus should have the same settings as the one 
in Step 3. 
 Step 6: The specifications can be calculated by substituting 
the signature results into the mapping function.  

When applying ORP for estimating the dynamic 
specifications, the selection of the reference devices is 
different from the one used for distinguishing faulty devices.  

 Instead of the golden devices, a number of training 
devices are exploited as the reference as now the ORP 
is used for prediction of the specifications.  

 Instead of only one ORP of each device to detect the 
faults, several ORPs are calculated for the prediction 
of the dynamic specifications. By sorting the values 
of the training devices dynamic specifications in 
ascending or descending order, the training devices 
can be divided into several ranges evenly. As the 
output waveforms of DUTs are compared with the 
ones of the training devices from each range, a 
number of ORPs can be obtained for each device. 

III. MEASUREMENT OF USING A PULSE WAVE TO TEST 
ADC 

A. Device-Under-Test 
A 12-bit 80 M/s pipelined ADC is selected as the target 

device. It is integrated in the 65nm AQUA chip 
manufactured by NXP, which combines several analogue 
and mixed-signal blocks in one chip. The pipelined 
architecture is one of the most popular architectures for 



ADC design. The advantage of this type of ADC is the high 
resolution, high conversion rate, good dynamic performance 
and low power consumption. The basic structure of the 
ADC is shown in Figure 2. One can see that it is composed 
of 10 stages and the basic structure of each stage is identical 
as the block denoted by the red dashed line.  

 

Figure 2. The architecture of the 12-bit pipelined ADC [7] 

B. Sensitivity of Detection Faults by Using a Pulse Wave 
1) Emulating Faulty Devices 

In order to emulate faulty devices, we have changed the 
supply-voltage level of the chip from 0.97 V to 1.3 V. The 
normal operation voltage for the ADC is specified from 1.1 
V to 1.3V. Four important dynamic parameters of the ADC 
have been considered: total-harmonics-distortion (THD), 
signal-to-noise-ratio (SNR), signal-to-noise and distortion 
(SINAD) and spurious free dynamic range (SFDR). They 
are measured with different levels of the supply voltage. 
They are all measured with the number of samples of 16384 
and a sampling frequency of 25 MHz. An analogue sine 
wave with an input frequency of 1.8 MHz is applied as the 
test stimulus.  

Figure 3 shows the dynamic specifications 
corresponding to the used supply voltage. One can see that 
all dynamic parameters follow in the same trend with the 
supply-voltage level although their values are different. 
When the supply voltage drops below 1.1 V, the variation of 
the dynamic parameters is not very obvious at first. If then 
the supply voltage drops to around 0.98 V, the dynamic 
performance of the ADC suddenly becomes much worse. In 
the measurement, the ADC operating at a voltage level 
below 1.1 V is taken as the faulty device. 

 
Figure 3. The dynamic specifications vs. supply voltage 

2) Fault Detection by Using a Pulse Wave 
A signature result ORP is calculated to evaluate the fault 

if a pulse wave has been used as test stimulus [7]. As 
explained in section 2.1, when the dynamic performance 
becomes worse, the value of ORP should increase.  

In order to investigate the robustness of the method, five 
different pulse waves are applied to the device respectively; 
they have different rise and fall times or number of samples. 
The parameters of the settings of these pulse waves are 
listed in Table 1. To emulate the collection of golden 
devices, the ADC operating at the voltage levels between 
1.1V and 1.3V are used as golden devices. Figure 4 shows 
the results of ORP versus the supply voltage. Comparing the 
curves of the ORPs obtained with different pulse wave input 
stimuli in Figure 4, they are quite close to each other, 
especially the part where the supply voltage is below 0.98 V. 
This means that the signature ORP is very robust with 
regard to the rising and falling edges and the number of 
samples of the pulse-wave input stimulus.  

Comparing Figure 3 with Figure 4, the ORP shows a 
similar trend as the dynamic specifications with the 
variation of the supply voltage. One can observe that if the 
supply voltage drops below 1.1 V, the values of the ORP 
becomes increasingly larger. However, when it drops 
around 0.98 V, the slope of the curve suddenly becomes 
steeper.  From section 3.2.1, one knows that the ADC 
operating at the voltage below 1.1V is defined as the faulty 
device by using the conventional test method. As result, the 
signature ORP is as sensitive as the conventional dynamic 
parameters when detecting the faults of the ADC. 
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Figure 4. The ORP vs. supply voltage 

TABLE I.  SETTINGS OF DIFFERENT PULSE WAVE INPUT STIMULUS 

 Input 
frequency 

(MHz) 

Duty cycle 
(%) 

Rise/fall 
time 
(ns) 

Number of 
samples 

Pulse1 1.8 50 100 4096 
Pulse2 1.8 50 100 16384 
Pulse3 1.8 50 200 16384 
Pulse4 1.8 50 200 32768 

 

IV. PREDICTION OF DYNAMIC SPECIFICATIONS BY USING 
A PULSE WAVE 

As the results show in section 3.2, the signature ORP 
can distinguish between the faulty devices and the fault-free 
devices. This is because of the good correlation with the 
dynamic performance of the ADCs. Based on this 
conclusion, a machine-learning-based test method is now 
being introduced, which can map the signature results to the 
specification results.  

In the previous simulation, 2000 training devices are 
used to build the mapping function and 1500 test devices to 
validate the method. However, in the real measurement, 
there are only 109 devices available, which are all 
manufactured on the same wafer. We divide them in two 
sets: a training set and a test set. Sixty-three devices are 
randomly selected as the training devices and the remaining 
46 test devices are used to validate the test methods. All 
DUTs are tested by two main measurements approaches:  
1) Conventional testing 

The dynamic specifications of the ADCs are measured 
using a sine wave with an input frequency of 1.8 MHz, 
which is generated by a 16-bit arbitrary waveform generator 
(AWG). The number of samples is 16384 and the sampling 
frequency is 25 MHz. The THD, SNR, SINAD and SFDR 
are calculated using the FFT analysis.  
2) Signature testing 

In the signature testing approach, five different pulse 
waves are applied as the test stimulus respectively, in order 
to investigate the robustness of the method. Their settings 
are listed in Table 2.  

 

TABLE II.   SETTING OF DIFFERENT PULSE INPUT STIMULUS 

 Input 
frequency 

(MHz) 

Duty 
cycle 
(%) 

Rise/fall 
time 
(ns) 

Linearity 
(bits) 

Number 
of 

samples 
Pulse1 1.8 50 100 16 16384 
Pulse2 1.8 50 50 16 16384 
Pulse3 1.8 50 25 16 16384 
Pulse4 1.8 50 100 12 16384 
Pulse5 1.8 50 100 7 16384 

After completing both conventional testing and signature 
testing, the data from the 64 training devices are used to 
build the mapping function by using the MARS algorithm 
as explained in section 2.2. The signature results from the 
46 testing devices are used to estimate the dynamic 
specifications. Then the estimated results are compared with 
the measured results.  

In order to better evaluate the estimated results, the 
specification testing for each device is repeated ten times. 
The standard deviation and 3-sigma are calculated as shown 
in Table 3. The 3-sigma can be interpreted as the maximum 
error of the conventional specification testing [9]. Here one 
defines that the estimated results, of which the error is larger 
than the maximum error, are the outliers.  

TABLE III.  STANDARD DEVIATION AND 3-SIGMA VALUE OF THE 
CONVENTIONAL TEST METHOD 

 Std. Deviation  3-sigma  
THD (dB) 1 3 
SNR (dB) 0.14 0.42 

SINAD (dB) 0.14 0.42 
SFDR (dB) 1.96 5.88 

In Figures 5-8, the estimated results obtained by pulse 5 
are shown, which has only a 7-bit linearity. In these figures, 
the x-axis denotes the reference values of the dynamic 
specifications tested by the specification testing approach. 
The y-axis denotes the values of the dynamic parameters 
from different data series. The red line denotes the upper 
and lower limits of the tolerance of the estimated results, 
which are the reference values minus or plus the 3-sigma 
value. One can observe that most of the estimated results are 
in the tolerance band, which means the proposed test 
method can test the dynamic specifications of the ADC as 
good as the conventional test method.  

The results from the five different pulse wave input 
stimuli are shown in Table 4. One can notice the difference 
of the results among them is very small. A pulse-wave input 
signal with 7-bit linearity (pulse 5) can even obtain similar 
results as the one with 16-bit linearity (pulse 1). The change 
of the rising and falling edges do not affect the results in a 
significant way either when comparing the results obtained 
from pulse 1, pulse 2 and pulse 3. It can be concluded that 
the test method of using a pulse-wave stimulus is very 
robust for testing the dynamic parameters of the ADCs. 

 
 
 



TABLE IV.  MEAN ERROR AND NUMBER OF OUTLIERS WITH DIFFERENT 
PULSE-WAVE INPUT STIMULUS 

  THD SNR SINAD SFDR 

Mean error 
(dB) 

1.61 0.11 0.25 1.36 Pulse 1 

Number of 
outlier 

2 1 4 2 

Mean error 
(dB) 

1.62 0.11 0.25 1.36 Pulse 2 

Number of 
outlier 

3 2 3 1 

Mean error 
(dB) 

1.60 0.11 0.24 1.36 Pulse 3 

Number of 
outlier 

0 1 2 2 

Mean error 
(dB) 

1.62 0.12 0.26 1.36 Pulse 4 

Number of 
outlier 

1 2 4 1 

Mean error 
(dB) 

1.52 0.11 0.26 1.36 Pulse 5 

Number of 
outlier 

3 1 3 2 

 
Figure 5. The estimated results of THD with input pulse5 

 
Figure 6. The estimated results of SNR with input pulse 5 

 
Figure 7. The estimated results of SINAD with input pulse5 

 
Figure 8. The estimated results of SFDR with input pulse5 

V. CONCLUSION 
In this paper, a pulse-wave input stimulus for ADC 

testing is discussed and validated via the measurement 
results. A 12-bit 80 M/s pipelined ADC is selected as the 
test vehicle. In our previous work [6] and [7], the test 
methods of using a pulse wave are only validated by the 
simulation results. In this work, we focus on the 
measurement results. The measurement results show that the 
signature ORP is as sensitive as the dynamic parameters to 
the faults. As the ORP shows correlation with the dynamic 
specifications, later on a machine-learning-based method 
has been investigated by using it as the signature. By using 
this method, the dynamic specification can be accurately 
predicted. From the measurement results, one can see that 
this method is very robust to the slope and linearity of the 
pulse wave. The dynamic specifications of the 12-bit 
pipelined ADC can be tested by using a pulse-wave 
stimulus with 7-bit linearity. However, there are still a few 
outlier cases, which is quite a common problem in the 
machine-learning-based test method. As the number of 
devices is limited now, it is difficult to analyze this issue in 
this case. In future, this problem can be investigated in more 
detail when more devices become available. 
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