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Abstract—Random Telegraph Noise is a time-dependent 

variability phenomenon that has gained increased attention 
during the last years, especially in deeply-scaled technologies. In 
particular, there is a wide variety of works presenting different 
techniques designed to analyze current traces in scaled FET 
devices displaying Random Telegraph Noise, and others focused 
on modeling the phenomenon using the parameters extracted 
through such techniques. However, very little attention has been 
paid to the effects that the biasing conditions of the transistors 
prior to the measurements may have on the extraction of the 
parameters that characterize this phenomenon. This paper 
investigates how these biasing conditions actually impact the 
extracted results. Specifically, it is demonstrated that the results 
obtained when Random Telegraph Noise is measured 
immediately after the device is biased may lead to an 
overestimation of the Random Telegraph Noise impact with 
respect to situations in which the device has been previously 
biased for some time. This fact is, first, presented from a 
theoretical point of view, and, after, demonstrated experimentally 
through measurements obtained from a CMOS-transistor array.  

Index Terms—Random telegraph noise (RTN), noise 
measurement, reliability, variability, characterization lab 

I. INTRODUCTION 

The interest in Random Telegraph Noise (RTN) in deeply-
scaled CMOS technologies [1] has considerably increased in 
recent years, due to its role as a source of time-dependent 
variability [2], [3]. At the transistor level, RTN is observed as 
discrete shifts of the drain current, which are caused by 
threshold voltage shifts associated to sudden and stochastic 
charge trapping/de-trapping events in/from device defects [4]. 
It is therefore critical to characterize this phenomenon and 
extract information about the statistical distributions of its main 
parameters to be able to predict and mitigate its potentially 
harmful impact on circuits [3],[5]. 

Fig. 1 shows an example of a measured drain current (𝐼஽ሻ 

vs. time trace in which one RTN defect can be detected (i.e., 
two distinct current levels are present) with its main parameters 
annotated. In a defect-centric framework [4], these parameters 
are the number of defects in the transistor (or, alternatively, the 
density of defects of the technology), the amplitude of the 
current shifts, ΔI (or analogously the amplitude of the threshold 
voltage shifts, ΔVth) associated to the trapping/detrapping 
events of each of these defects, and their time constants. These 
time constants are the capture time (τ௖), i.e., the average time 
that a defect takes to capture a charge carrier when it is empty, 
and the emission time (τ௘), i.e., the average time that an RTN 
defect takes to emit the charge carrier once it is occupied. The 
actual time instant at which a certain emission (𝑡௘_௜) or capture 
(𝑡௖_௜) event occurs is random, as illustrated in Fig.1. All these 
RTN parameters are stochastic and should be described by the 
corresponding statistical distribution functions. 

Among the extensive literature devoted to the study of the 
RTN phenomenon, a considerable number of works aims at 
developing methods for the extraction of RTN current levels 
from the current traces obtained experimentally. In [6], a 2D 
plot is obtained by plotting half of the current samples at each 
axis. An analogous approach is the time-lag plot (TLP)-based 
method [7]. The TLP is constructed by plotting the i-th current 
sample in the x-axis and the (i+1)-th sample in the y-axis for 
the full current trace. Then, if RTN is present in the trace, the 
points located in the diagonal of the graph will correspond to 
the distinct current levels, while the off-diagonal points will 
correspond to the RTN transitions. An enhanced TLP (eTLP) 
is used in [8] that assesses how often each point of the TLP is 
occupied. The weighted time lag plot (wTLP) method, an 
extension of the TLP, has been presented as robust even when 
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Fig. 1. Measured drain current trace displaying RTN transitions 
corresponding to a single defect.  
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the background noise (i.e., other noise sources associated to the 
device-under-test, noise associated to the access circuitry and 
the measurement equipment itself) is large [9]. A different 
approach is followed in [10], [11] where the maximum 
likelihood estimation (MLE) method is used to estimate the 
parameters of the statistical model. Although the previous 
methods are based on different principles, they all aim at the 
detection of the distinct current levels from which the RTN 
parameters, namely the number of defects, and their associated 
time constants and current shifts, can be determined. Then, the 
statistical distributions that these parameters follow can be 
determined and used to build a model that describes RTN. Such 
a model could then be integrated into simulation tools to predict 
the impact of RTN on circuit performances, which would allow 
circuit designers to perform RTN-aware design.  

However, although the above-discussed methods are very 
useful for the analysis of RTN, they may lead to an inaccurate 
determination of the RTN parameters if not applied carefully. 
For instance, there are some works about the effect that 
undersampling during measurement (i.e., using a sampling rate 
which is not fast enough with respect to the RTN time 
constants), and not considering enough transitions when 
averaging the t௖,௘_௜, may have on the erroneous determination 
of the time constants τ௖,௘ [12], with measurement guidelines 
further developed in [13]. In this work, the effect of the bias 
conditions that the device has experienced prior to the 
measurement (i.e., its biasing history) may have on the RTN 
characterization is analyzed. In particular, it is shown how 
important it is to consider the biasing conditions not only 
during the measurement itself, which are generally taken into 
account, but also prior to it. It will be demonstrated, 
theoretically and experimentally, that different biasing 
histories can lead to a different RTN behavior during the actual 
measurement, and therefore to the extraction of different 
parameter values, so that these pre-measurement conditions 
should be accounted for when analyzing the measured trace. To 
the best of the authors’ knowledge, it is the first time that the 
influence of the biasing history on the RTN measurements is 
analyzed. 

 The rest of this paper is organized as follows. Section II 
introduces the probability of occupation, an essential 
magnitude to assess the state of each defect according to the 
biasing conditions and their timings. This magnitude is used to 
simulate the impact that the biasing history has on the actual 
measurement. Then, in Section III, experimental measurements 
are reported that validate the findings in Section II. Finally, 
Section IV presents the concluding remarks with 
recommendations to correctly account for the impact of the 
biasing history. 

II. PROBABILITY OF OCCUPATION 

Let us consider a defect with emission and capture times 𝜏௘ 
and 𝜏௖. The capture/emission process can be described by a 
two-state Markov chain [14]. Then, the emission probability of 

the occupied defect, 𝑝௘, and the capture probability of the 
empty defect, 𝑝௖, in a given time interval ∆𝑡, are given by: 

𝑝௘ ൌ
∆𝑡
𝜏௘

𝑝௖ ൌ
∆𝑡
𝜏௖

 (1) 

 This holds true as long as the considered time interval is 
much shorter than the time constants of the defect (∆𝑡 ≪
 𝜏௘, 𝜏௖). Then, the probability that the defect is occupied 
(probability of occupation, 𝑝௢௖௖) at the end of ∆𝑡 is the 
probability that it was empty at the beginning of the interval (1-
𝑝௢௖௖ሺ𝑡ሻ), times the probability that a charge is captured during 
∆𝑡 (𝑝௖), plus the probability that the defect was occupied at the 
beginning of ∆𝑡 (𝑝௢௖௖ሺ𝑡ሻ), times the probability that the charge 
is not emitted during ∆𝑡, (1 െ 𝑝௘): 

𝑝௢௖௖ሺ𝑡 ൅ ∆𝑡ሻ ൌ ൫1 െ 𝑝௢௖௖ሺ𝑡ሻ൯
∆𝑡
𝜏௖

൅ 𝑝௢௖௖ሺ𝑡ሻሺ1 െ
∆𝑡
𝜏௘

ሻ (2) 

The underlying assumption in (2) is that the emission (𝑝௘) and 
capture (𝑝௖) probabilities have not changed along the time 
interval ∆𝑡. Therefore, (2) can be expressed in differential form 
as: 

𝑑𝑝௢௖௖ሺ𝑡ሻ
𝑑𝑡

൅ 𝑝௢௖௖ሺ𝑡ሻ ൬
1
𝜏௘

൅
1
𝜏௖

൰ െ
1
𝜏௖

ൌ 0 (3) 

Another aspect to consider is that the emission and capture 
times change with the bias conditions. The following 
exponential dependencies on the gate and drain voltages are 
assumed in this work (with source and bulk short-circuited): 

𝜏௘ ൌ 𝜏௘଴10ఉ೐|௏೒ೞ|10ఊ೐|௏೏ೞ|

𝜏௖ ൌ 𝜏௖଴10ఉ೎|௏೒ೞ|10ఊ೎|௏೏ೞ|  (4) 

The absolute values have been used for the voltages so that they 
take positive values for both nMOS and pMOS. This model is 
common in the literature and fits well with the experimental 
measurements [15]. There is also general agreement that 𝛽௘ is 
positive and 𝛽௖ is negative, i.e., the emission times increase 
with |𝑉௚௦| while the capture times decrease [15]. For the sake 
of illustration, let us analyze what (4) means for a given defect 
when |𝑉௚௦| is varied while |𝑉ௗ௦| is kept constant. At “low” |𝑉௚௦|, 
its time constants imply that this defect has a high probability 
of being empty, i.e., a small 𝑝௢௖௖. Then, as |𝑉௚௦| increases, its 
τ௘ will increase, while its τ௖ will decrease. This means that the 
defect will take, on average, more time to emit a charge carrier 
when occupied, and less time to capture one when empty. 
Therefore, its 𝑝௢௖௖ increases with |𝑉௚௦|, and there will be certain 
|𝑉௚௦| values for which the defect will have a similar probability 
of being empty and occupied. Then, as |𝑉௚௦| further increases, 
the defect’s time constants continue to change, and its 𝑝௢௖௖ 
continues to increase, so that at “high” |𝑉௚௦|, the defect has a 
high 𝑝௢௖௖. The previous case can be generalized: taking the 
dependences in (4) into account, (3) can be solved to obtain the 
temporal evolution of the probability of occupation 𝑝௢௖௖ for any 
time-varying bias conditions applied to the transistor.  

The characterization of RTN in a device is usually carried 
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out in the following manner: first, the device is biased at time 
𝑡 = 0, which will be referred to as biasing instant, by applying 
certain voltages |𝑉௚௦|  and |𝑉ௗ௦| to its terminals, and then, at 
some instant 𝑡 ൒  0, its drain current is measured during some 
time. Usually, no attention is paid to how much time has passed 
between the biasing instant and the start of the measurement. 
However, if these instants and the voltage values |𝑉௚௦|  and 
|𝑉ௗ௦| are known, it is possible to analytically solve (3) to study 
how the evolution of the 𝑝௢௖௖ depends on the biasing history. 
From the unlimited number of possible scenarios in terms of 
biasing history, two will be considered here: the scenario in 
which the measurement starts right after the biasing occurs (at 
𝑡 ൌ 0), and the scenario in which the device is biased, and the 
measurement starts 10,000s after the biasing instant (at 𝑡 ൌ
10,000s). This second scenario emulates the impact of RTN on 
a device that has been powered on for a long time. 

A. Measurement starts right after biasing 

In this scenario, the devices have been off for a long time 
and then, at 𝑡 ൌ 0, some biases are applied, and the drain 
current is measured to monitor RTN during a certain time 
𝑡௠௘௔௦. In this scenario, the biasing instant and the beginning of 
the measurement concur. It can be assumed that when the 
transistor was powered-off, there was no voltage difference 
between its terminals and, therefore, 𝜏௘ ൌ 𝜏௘଴ and 𝜏௖ ൌ 𝜏௖଴. 
Also, in this scenario, the time that the transistors have been 
powered-off before 𝑡 ൌ 0 is long enough so that the probability 
of occupation is not changing with time and, therefore, from 
(3), the probability of occupation at 𝑡 ൌ 0 is: 

𝑝௢௖௖ሺ𝑡 ൌ 0ሻ ൌ
𝜏௘଴

𝜏௘଴ ൅ 𝜏௖଴
 (5) 

Fig. 2 depicts the map of the probability of occupation of the 
defects at the start of the measurement window  ሺ𝑡 ൌ 0ሻ as a 
function of the emission (𝜏௘଴ሻ and capture (𝜏௖଴ሻ time constants 
of the defects. Notice that, to ease the visualization and the 
comparison between maps at different conditions, the axis of 

these maps do not correspond to the time constants at the 
biasing conditions of each measurement. Instead, they always 
correspond to the time constants at |𝑉௚௦| ൌ  |𝑉ௗ௦| ൌ 0V, i.e., 
(𝜏௘଴, 𝜏௖଴). In Fig. 2, the dark blue area represents defects that 
are almost always empty; hence, they usually do not undergo 
any charge trapping/detrapping event, and do not cause discrete 
RTN current shifts at the device drain current. The dark red 
area represents defects that are almost always occupied; 
analogously to the previous case, these defects do not cause 
RTN current shifts. However, the intermediate region 
represents defects with a probability of occupation 
significantly different from 0 or 1.  

If the biasing voltages have remained constant during the 
measurement window, the emission and capture times for those 
bias conditions can be obtained from (4) and the probability of 
occupation at the end of the measurement window can be 
obtained from the solution of (3): 

𝑝௢௖௖ሺ𝑡 ൌ 𝑡௠௘௔௦ሻ ൌ 

=
ఛ೐

ఛ೐ାఛ೎
൅ ቀ𝑝௢௖௖ሺ𝑡 ൌ 0ሻ െ ఛ೐

ఛ೐ାఛ೎
ቁ 𝑒

ିሺ
భ

ഓ೐
ା

భ
ഓ೎

ሻ௧೘೐ೌೞ 
(6) 

Let us consider the case in which the bias conditions are 
|𝑉௚௦| ൌ 1.2𝑉 and |𝑉ௗ௦| ൌ 0.1𝑉, and 𝑡௠௘௔௦ ൌ 100𝑠. For this 
case, the plot in Fig. 3 is obtained for the probability of 
occupation as a function of the time constants at the end of the 
measurement window ሺ𝑡 ൌ 100𝑠ሻ. In this figure, it can be 
observed that the probability of occupation of the defects with 
certain emission and capture times has changed significantly 
with respect to the probability of occupation at the beginning 
of the measurement window. For instance, consider the 
hypothetical defect with certain time constants at the 
measurement bias conditions, indicated with a white dot in Fig. 
2 and Fig. 3. Before powering on the transistor, that defect was 
probably empty. Therefore, when the transistor is powered on 
and the measurement starts at 𝑡 ൌ 0, the defect is empty (i.e., 
its 𝑝௢௖௖ is very close to 0). However, at the end of the 

 
Fig. 2.  Probability of occupation at the start of the measurement window 
when the measurement starts right after the biasing of the devices. 

 

 
Fig. 3.  Probability of occupation at the end of the measurement window 
when the measurement starts right after the biasing of the devices. 
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measurement, after 100s biased with |𝑉௚௦| ൌ 1.2𝑉 and |𝑉ௗ௦| ൌ
0.1𝑉, the defect has a very high probability of being occupied 
(i.e., its 𝑝௢௖௖ is close to 1). 

To generalize the case of how the 𝑝௢௖௖ of that individual 
defect has changed after 100s to all the possible defects, it is 
possible to subtract the probability of occupation between the 
end and the beginning of the measurement window, as shown 
in Fig. 4. In this case, the white area represents defects that have 
not significantly changed their probability of occupation during 
the measurement window. On the other hand, the shadowed 
regions correspond to defects that have significantly increased 
their probability of occupation. These include, for example, 
defects that were empty at the beginning of the measurement 
window and now are observed either as charge 
trapping/detrapping RTN defects, or as permanently occupied 
defects.  

B. Measurement starts a certain time after biasing 

In this second scenario, the devices have been off for a very 
long time, and then have been biased during a certain time 𝑡௕௜௔௦ 
= 10,000𝑠 in the same conditions of the measurement before 
the actual measurement starts. The duration of the 
measurement is again 𝑡௠௘௔௦ ൌ 100𝑠. Let us consider the same 
biasing conditions as in the previous case |𝑉௚௦| ൌ 1.2𝑉 and 
|𝑉ௗ௦| ൌ 0.1𝑉. Equation (6) can be used to evaluate the 
probability of occupation at the beginning (𝑡 ൌ  𝑡௕௜௔௦) and at 
the end (𝑡 ൌ  𝑡௕௜௔௦ ൅  𝑡௠௘௔௦) of the measurement window. The 
probability of occupation at the start of the measurement 
window (𝑡 ൌ  𝑡௕௜௔௦) is shown in Fig. 5(a). It can be observed 
that this map is very different from the one of the first scenario, 
shown in Fig. 2. This is to be expected, since the start of the 
measurement in the first scenario occurred immediately after 
the transistor is biased, while in this second scenario the 
transistor has already been biased for 10,000s when the 
measurement starts, and during those 10,000s the probability 
of occupation map has evolved according to (6). Then, the 
probability of occupation at the end of the measurement 
window can be calculated again and this one is plotted in Fig. 

5(b). It can be observed that in this case, unlike in the first 
scenario, there are no significant differences between the maps 
at the beginning and at the end of the measurement window.  

The reason behind is that, in the first scenario, the occupancy 
state of many defects at the beginning of the measurement 
window does not match what their time constants during 
biasing would dictate in a stationary situation, but rather their 
time constants when the device is not powered on.  The 
consequence is that part of the defects that were empty at the 
beginning of measurement will exhibit RTN behavior, while 
others will experience a capture event and remain occupied 
during the whole measurement window, since their time 
constants at the measurement biasing conditions cause them to 
be predominantly occupied. As stated above, the capture and 
emission process are commonly described by a two-state 
Markov chain. This means that, for a defect with a given 
emission or capture time, the corresponding probability 
distribution function of the real time at which its emission or 
capture events occur spans with a significant probability up to 
three decades of time around the emission or capture time (see 
Fig. 6). Therefore, it is logical that in the second scenario there 

 
Fig. 4.  Difference of the probability of occupation maps at t=100s and t=0. 

 
Fig. 5.  Probability of occupation at the start (top) and at the end (bottom) 
of the measurement window when it starts 10,000s after the biasing. 
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are minor differences, since after 10,000s it is expected that all 
defects that may have an impact on a measurement window of 
100s (two decades smaller) statistically have an occupancy 
state according to their current time constants.   

Since the evolution of the probability of occupation depends 
on the defect time constants, and these depend on the biasing 
voltages at the device terminals (see (4)), it follows that the 
probability of occupation map after a given biasing time 𝑡௕௜௔௦ 
will also depend on the applied bias values. Fig. 7(a) and Fig. 
7(b) show the probability of occupation before and after the 
same measurement window when the biasing voltages are 
|𝑉௚௦| ൌ 0.6𝑉 and |𝑉ௗ௦| ൌ 0.1𝑉 and the measurement starts 
immediately after the transistor is biased. Fig. 7(c) and Fig. 7(d) 
show the equivalent probability of occupation before and after 
the measurement window when these biasing voltages are 
applied for 𝑡௕௜௔௦ ൌ 10,000𝑠 before the measurement window 
starts. When comparing these occupation probability maps 
with those obtained at larger |𝑉௚௦| (Figs. 2, 3 and 5), it can be 
concluded that the same qualitative behavior is observed for 
lower voltages. However, the higher |𝑉௚௦|the more different the 
situation will be with respect to the first scenario in which 𝑡௕௜௔௦ 
= 0s.  

Up to this point, it has been shown through theory how the 
biasing conditions that devices experience prior to being 
measured (i.e., voltage values and timing) can considerably 
impact the map of probability of occupation of the defects 
during the measurement. In particular, some transitions that 
would be observed during the measurement in the first scenario 
(i.e., the measurement starts immediately after biasing) and 
would be therefore considered while constructing a model, 
correspond to defects that were empty before the device was 
biased, and tend to be occupied when biasing is applied, and 
therefore will undergo only one capture event. These defects 
would not be observed in a measurement performed in the 
second scenario (i.e., the measurement starts after the devices 
have been biased for a long time), since they remain 
permanently occupied at those biasing conditions. If the 
analysis and modelling performed do not account for this, those 
defects may lead to an overestimation of the impact of RTN. In 

the next Section, experimental results will be presented to 
validate these theoretical findings.  

III. EXPERIMENTAL RESULTS 

A. Impact on measurements 

To demonstrate that the theoretical framework presented in 
the previous Section has a significant impact in practical RTN 
characterization, experimental measurements have been 
performed on a transistor-array chip. This integrated circuit 
contains 3,136 MOS transistors fabricated in a commercial, 
bulk CMOS, 65-nm, 1.2-V technology. The transistors are 
arranged in four matrices, two of which only contain nMOS 
transistors and two of which only contain pMOS transistors. 
The design of the array enables the accurate biasing of the 
transistors and a precise timing during the characterization tests 
[16], both fundamental features to replicate the two different 
scenarios presented in Section II. One pMOS matrix, 
containing 784 Devices Under Test (DUTs) with minimum 
dimensions (i.e., W=80nm and L=60nm), was selected to 
perform RTN measurements using the experimental setup in 
Fig. 8. The setup includes a full-custom printed circuit board 
(PCB), where the IC is inserted for DUT measurements. This 
IC is digitally controlled by a USB Digital Acquisition System 
(DAQ), model USB- 6501 from National Instruments, 
equipped with 24 digital IO channels. Excitations and 
measurements are performed with the Keysight Semiconductor 
Parameter Analyser (SPA) model B1500A. This SPA has 4 
High Resolution Sense Measurement Units (HRSMU), with 
Force-&-Sense outputs for precise voltage application and 
current measurement. The complete setup is controlled by a 
personal computer equipped with Matlab®. More details can 
be found in [17]. 

The characterization strategy has been to replicate the two 
scenarios introduced in Section II. To this end, first 392 DUTs 

 
Fig. 6.  Probability density function of the times at which real emission 
events occur (te) for a defect with an emission time constant of 10s.  

 

 
Fig. 7.  Probability of occupation at the start (a) and end (b) of the 
measurement window when the measurement starts immediately after the 
biasing, and at the start (c) and end (d) when the measurement starts 
10,000s after the biasing.  
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(i.e., half a matrix of the IC) have been biased with |𝑉௚௦| ൌ
1.2𝑉 and |𝑉ௗ௦| ൌ 0.1𝑉 and their drain current has been 
measured for 100s, starting right after the biasing conditions 
above are applied. Each DUT has remained biased at those 
same conditions after the measurement was finished and, after 
being biased for 10,000s, the drain current of those same 
devices have been measured again for 100s. Fig. 9 shows some 
of the measured current traces for the first (a) and the second 
(b) scenarios. For ease of visualization, only the traces of the 
first seven DUTs are shown in each case. The same color is 
used for the same device in both plots. It can be seen that the 
current traces of the seven different devices have different 
mean values, which is caused by process variability. 
Additionally, the traces reveal a typical RTN behavior, i.e., 
discrete current shifts associated to charge trapping/detrapping 
in/from defects. As expected, the amplitude shifts and time 
constants of the different defects are not equal since these are 
stochastic parameters. At first sight, no significant difference 
can be appreciated between the traces obtained for the two 

different scenarios. However, it is difficult to observe a trend 
from just a few traces as each device will exhibit very few 
active defects in a typical measurement window and for certain 
resolution of the measurement equipment.  

To obtain a deeper insight into the difference between both 
scenarios, the following test was performed. The currents of the 
392 measured devices were added together for each of the two 
scenarios. Fig. 10(a) shows the total current flowing through 
the 392 devices vs. time for the first scenario. The contribution 
of the individual defects is not visible any more due to the very 
high number of defects that appear when 392 DUTs are 
considered. However, it can be observed that there is a 
decreasing trend of the current, corresponding to the 
occupation of defects that have significantly increased their 
probability of occupation from the beginning to the end of the 
measurement window. That is, there are more capture than 
emission events. This phenomenon is much better observed if 
the time axis is plotted in logarithmic scale (see Fig. 10(b)), 
which clearly corresponds to the fact that the time constants of 
defects are naturally distributed on a logarithmic time scale [7], 
[18]. Fig. 10(c) and Fig. 10(d) show the equivalent graphs for 
the second scenario, where devices have been biased in the 
same conditions than during the measurement for 𝑡௕௜௔௦ ൌ
10,000𝑠 before the measurement starts. In this case, no clear 
temporal trend is observed for the total current, which means 
that, on average, the defects have not changed considerably 
their probability of occupation. Therefore, while in this second 
scenario there is approximately the same number of capture and 
emission events, in the first scenario there are more capture 
events than emission ones.  

An analogous experiment has been performed for |𝑉௚௦| ൌ
0.6𝑉 and |𝑉ௗ௦| ൌ 0.1𝑉 using the remaining 392 DUTs of the 
matrix that were not biased during the first experiment. The 
corresponding results are shown in Fig. 11. These display the 
same qualitative behavior as those shown in Fig. 10. However, 

 
Fig. 8.  Simplified representation of the experimental setup. 

 

 

 
Fig. 9. Drain current traces measured for seven devices when the first (a) 
and the second (b) scenarios are considered. 

 

 

 
Fig. 10.  Total current for the 392 DUTs with |𝑉௚௦| ൌ 1.2𝑉 and |𝑉ௗ௦| ൌ
0.1𝑉 in the first scenario in (a) linear and (b) logarithmic time scales, and 
in the second scenario in (c) linear and (d) logarithmic time scales. 
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this time the decreasing current trend in the first scenario is 
considerably smaller than in the previous case. This could be 
forecasted from the comparison of the probability of 
occupation before and after the measurement window in Fig. 7 
when a lower |𝑉௚௦| is used. 

In the following, a different metric will be used to quantify 
the impact of the biasing history on the measurable RTN 
activity. This is the Maximum Current Fluctuation (MCF), 
which requires a very simple processing of the current traces 
measured in the lab and is very useful to evaluate the impact of 
RTN in them [19].  

Consider the current trace shown in Fig. 12 (a)  
corresponding to a pMOS device with the same dimensions as 
the previously discussed ones, biased with |𝑉௚௦| ൌ 0.6V and 
|𝑉ௗ௦| ൌ 0.1V. It is possible to define the cumulative maximum 
current (CMAXC) at any time instant 𝑡 within the experimental 
window as the maximum current within the interval 0 ൑ 𝑡′ ൑
𝑡: 

𝐶𝑀𝐴𝑋𝐶ሺ𝑡ሻ ൌ max
∀௧ᇲ∈ሾ଴,௧ሿ

𝐼ሺ𝑡ᇱሻ (7) 

CMAXC is plotted in the same figure with the upper orange 
line. Similarly, the cumulative minimum current (CMINC) at 
any time instant 𝑡 within the experimental window is defined 
as:  

𝐶𝑀𝐼𝑁𝐶ሺ𝑡ሻ ൌ min
∀௧ᇲ∈ሾ଴,௧ሿ

𝐼ሺ𝑡ᇱሻ (8) 

and is plotted in the same figure with the lower red line.  Then, 
the MCF is defined as the difference between both: 

𝑀𝐶𝐹ሺ𝑡ሻ ൌ 𝐶𝑀𝐴𝑋𝐶ሺ𝑡ሻ െ 𝐶𝑀𝐼𝑁𝐶ሺ𝑡ሻ 
(9) 

Therefore, the MCF of a given current trace accounts for 
the maximum range of current values that has occurred during 
that time window. Thus, the discrete current shifts induced by 
charge trapping/detrapping in/from defects will contribute to 

this metric (i.e., a trace with more/bigger current shifts will 
have a larger MCF than a trace with fewer/smaller ones). Fig. 
12 (b) shows the temporal evolution of the MCFs of 20 pMOS 
transistors. From these data, the cumulative distribution 
function (cdf) of the MCF in a set of DUTs can be obtained for 
a particular time instant, as shown in Fig. 12(c). The cdf of the 
MCF at any time instant can be related to the distribution of the 
current shift amplitudes and to the distribution of the number 
of active defects up to that point [19].  

 Fig. 13 shows the cdf of the MCF values at 10s (a) and 100s 
(b) after the start of the measurement obtained from the 
processing of the 392 devices measured at |𝑉௚௦| ൌ 1.2V and 
|𝑉ௗ௦| ൌ 0.1V in the two scenarios described in this paper. It can 
be observed that, although the biasing conditions during the 
measurement window are the same, the cdf of the MCF values 
differs significantly depending on the time that the devices 
have been biased before the measurement starts. In particular, 
the MCF values are in general larger when no biasing has been 
applied until the measurement starts, i.e., there is more current 
fluctuation in the measurements from the first scenario than in 
those from the second one. This divergence is caused by the 
differences between the maps of the probability of occupations, 
as shown in Section II.  

B. Impact on parameter extraction 

 In this subsection, the impact on the extracted RTN 
parameters, obtained using the extraction method in [19], will 
be studied. That method relates the MCF at any time instant 
with the number of active defects (i.e., defects that suffer at 
least one trapping/detrapping event up to that time) and the 
amplitude shifts induced by such defects, as well as, the 

 

 
Fig. 11.  Total current for the 392 DUTs with |𝑉௚௦| ൌ 0.6𝑉 and |𝑉ௗ௦| ൌ
0.1𝑉 in the first scenario in (a) linear and (b) logarithmic time scales, and 
in the second scenario in (c) linear and (d) logarithmic time scales. 

 

Fig. 12.  a) Experimental current trace displaying RTN with its MCF at two 
different times indicated, b) MCF evolution for twenty transistors and c) the 
cdf of the MCF values for two time instants for 500 transistors.  
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background noise. The extraction procedure determines the 
parameters of the distribution functions of amplitude shifts, 
number of active defects and background noise that better fit 
the cdf of the MCF at different time instants. 

For the amplitude shifts, a two-lognormal distribution is 
assumed [19]: 

cdfሺ𝛿𝐼ሻ ൌ 𝐾
2

ቂ1 ൅ 𝑒𝑟𝑓 ቀ
log ሺ𝛿𝐼ሻെ𝜇𝑙

𝜎𝑙√2
ቁቃ ൅ ሺ1െ𝐾ሻ

2
ቂ1 ൅ 𝑒𝑟𝑓 ቀ

log ሺ𝛿𝐼ሻെ𝜇𝑢
𝜎𝑢√2

ቁቃ    (10) 

where erf() is the error function, 𝜇௟, 𝜇௨, 𝜎௟ and 𝜎௨, represent the 
mean and standard deviation of the lower and upper lognormal 
function and 𝐾 represents the relative amplitude of both 
functions. For the background noise, a Gaussian distribution 
centered at 0 and standard deviation  
𝜎ேைூௌா is assumed and for the number of defects the typical 
Poisson distribution is assumed. The mean number of active 
defects is assumed to follow a lognormal distribution with time 
[19]: 

൏ N ൐ ሺtሻ ൌ
𝑁଴

2
ቈ1 ൅ 𝑒𝑟𝑓 ቆ

log ሺ𝑡ሻ െ 𝜇ே

𝜎ே√2
ቇ቉ (11) 

The parameters of all these functions were determined by 
fitting the cdf of the MCF at 22 different time instants and using 
as experimental input data the traces of the 392 PMOS devices 
measured at |𝑉௚௦| ൌ 1.2V and |𝑉ௗ௦| ൌ 0.1V in the two scenarios 
described in this paper. An implementation of the Particle 
Swarm Optimization algorithm was used to determine the 
function parameters that better fit the cdf of the MCF at all 22 
time instants. The amplitude shift distribution was considered 
to be the same for both scenarios and the impact on the number 
of active defects was evaluated. The fitting procedure yielded 
the parameters shown in Table I. It can be seen that although 
the biasing conditions along the measurement window are 
exactly the same, the parameters corresponding to the number 
of active defects is different in both scenarios. Fig. 14 compares 
the evolution of the mean number of defects in both scenarios 
(continuous lines for the fitted function in (11) and asterisks for 
the mean number of defects at the 22 time instants in which the 
cdf has been calculated and fitted). It can be seen that as 
expected from Fig. 13, concurrence of the onsets of biasing and 
measurement yields an overestimation of the number of active 
defects compared to the case in which the same biasing was 
established long before the measurement window.  

To sum up, the results shown in this section indicate that the 
biasing history of the devices prior to the RTN measurement 
has a clear and definite impact on their behavior during the 
measurement window, and therefore on the results of the 
algorithms that extract information to characterize the RTN. In 
algorithms like [6]-[10], this will lead to a determination of a 

 
Fig. 13.  Cumulative distribution functions of the MCF values for both 
scenarios after (a) 10s and (b) 100s of measurement. 

TABLE I.  PARAMETERS EXTRACTED FOR THE 𝛿𝐼 DISTRIBUTION OF RTN DEFECTS, BACKGROUND NOISE AND THE TIME EVOLUTION OF <N> 

Previous biasing 𝐾 𝜇௟ 𝜎௟ 𝜇௨ 𝜎௨ 𝜎ேைூௌா ሺ𝐴ሻ 𝑁଴ 𝜇ே 𝜎ே 

0 s. 0.631 -7.975 0.311 -7.286 0.143 1.2e-9 10.785 1.624 2.515 

10,000 s. 0.631 -7.975 0.311 -7.286 0.143 1.2e-9 10.487 2.075 2.617 

 
 

Fig. 14.  Fitting of the time evolution of the mean number of active defects 
in both scenarios. 
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different number of current levels under the same biasing 
conditions during the measurement in the different scenarios 
discussed above. This would also affect the calculation of the 
time constants, since a switching event may appear in one 
scenario and may not appear in the other scenario, or may 
happen at a different time. For time constants with a large 
number of switching events within the measurement window, 
the error will be small, but this error will increase as the number 
of switching events decreases. In techniques like [19], this 
could lead to a wrong determination of the number of active 
defects, as demonstrated with the experiment just described.  

Furthermore, this finding may also determine the 
requirements of the experimental setup and of the 
characterization IC, if such IC is used. Since attaining 
statistically-sound RTN parameter distributions requires 
analyzing hundreds or thousands of devices, the experimental 
setup must then ensure a precise and equal biasing conditions 
for all the devices, and also guarantee that these conditions are 
applied exactly for the same time, both before and during the 
measurement window. Consider for example a test in which 
hundreds of DUTs are measured. A possibility to do this would 
be to bias all the devices at the same instant, and then 
successively measure the drain current of one device at a time. 
In this case, each device would experience a different biasing 
duration prior to its measurement, and therefore different 
devices would be measured in “different scenarios” and 
distorted parameter distributions would be extracted. 

IV.  CONCLUDING REMARKS 

In the characterization and modeling of the RTN 
phenomenon, like any characterization of intrinsically 
stochastic phenomena that claims to be sound and accurate, all 
devices under test should undergo exactly the same biasing 
conditions and these conditions should be known and perfectly 
controlled. Though this requirement is customary taken into 
account during the RTN measurement itself, the effect that the 
bias conditions that the device has experienced prior to this 
measurement is overlooked. In this work, the effect of this 
‘biasing history’ (i.e. the biasing previous to the RTN 
measurement) on the RTN behavior is analyzed. This paper 
demonstrates, both theoretically and experimentally, that the 
condition of controlled biasing holds true not only during the 
measurement process itself, as it is generally acknowledged, 
but also during the time previous to the measurement. 

Since the extraction of the characteristic parameters of the 
stochastic distribution functions (e.g., the amplitude shifts, 
time constants, etc.) require a statistical treatment of the current 
traces of hundreds or thousands of devices, it is essential that 
experimental setups guarantee not only the same biasing 
conditions for all devices, but also that these conditions are 
applied exactly for the same time, both before and during the 
measurement window. Furthermore, it is essential that the 
extraction algorithms that fit distribution functions of the 
different RTN characteristic parameters are aware of the 

historical biasing conditions during the lab experiments so that 
they can be mathematically accounted for. 
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