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Online Remaining Useful Lifetime prediction 
using support vector regression 

A. Leonel Hernández Martínez, Saqib Khursheed, Turki Alnuayri and Daniele Rossi  

Abstract— An accurate prediction of remaining useful lifetime (RUL) in high reliability and safety electronic systems is required 

due to its wide use in industrial applications. In this paper, we propose a novel methodology for online RUL prediction, using 

support vector regression (SVR) model. Through Cadence simulations with 22nm CMOS technology library, we demonstrate 

that frequency degradation follows a trackable path and depends on temperature, voltage and aging. This characteristic is 

exploited for training the SVR model, validated over 20 years of aging degradation. Our methodology is capable of highly 

accurate RUL estimation, requiring a ring oscillator (RO), temperature sensor and trained SVR software model. Using a supply 

voltage of 0.9 V and variation in temperature from 0°C to 100°C, 13 and 21 stage RO show 90% cases with a RUL prediction 

deviation of ±0.2 years, and the remaining between ±0.75 and ±0.8 years, respectively. Furthermore, with voltage variation from 

0.7 to 0.9V, with steps of 0.05V and four representative temperatures (25, 50, 75 and 100 °C), the 13-RO shows 52% cases 

between ±0.2 years, 21-RO has 80.5% cases concentrated between ±0.2 years of RUL prediction deviation and remaining 

cases for both ROs are located between ±0.8 years.  

Index Terms— aging, e-waste, green ICT, IC recycling, remaining useful lifetime, machine learning, online prediction. 

——————————   ◆   —————————— 

1 INTRODUCTION

HE remaining useful lifetime (RUL) of an integrated 
circuit (IC) is defined as the anticipated remaining 

time from its present condition to failure, which is an es-
sential information to ensure reliability and safety of elec-
tronic systems [1]-[5]. 

Indeed, as nanometre technologies scale down, RUL is 
becoming a major concern in safety critical electronics, 
requiring novel methods to provide reliable prediction 
about the health of ICs. The gradual deviation of electric 
signals, such as path delay, reflects on RUL decrease over 
time. Due to lack of monitoring and prediction methodol-
ogy, electronic devices may fail without any warning. In 
fact, many online applications demand implementation of 
global indicators of RUL along with warning indication 
about imminent failure. For such applications, this paper 
proposes a RUL prediction methodology, based on support 

vector machine regression (SVMR) [6], [7] that can pro-
vide a reliable prediction of RUL, which was introduced 
in [8]. This enables the system to produce warnings, thus 
avoiding catastrophic events. In addition, it would reduce 
the high cost of testing and inspections off-line. 

In the literature, it is common to find the mean time to 
failure (MTTF) for a population of electronic devices as a 
metric for reliability [9], [10]. However, considering a ±3σ 
process variation, MTTF is a mean value that is unable to 
estimate lifetime of individual components. In addition, 
existing RUL estimation methods are limited to passive 

components and insulated gate bipolar transistor (IGBT) 
[11]. In [12], [13] models based on capacitance and equiva-
lent series resistance measurement were developed in 
order to predict failure in electrolytic capacitors. In [14], 
the resistivity is used as the input data of an autoregres-
sive moving average model to evaluate RUL of solder 
joints. Visual inspections have been used in [15] for gen-
eration of a probability distribution of intermetallic thick-
ness of solder balls. Time to failure has been calculated in 
[16], based on the monitoring of radio frequency imped-
ance along with the use of Gaussian regression. Recently, 
particle filter (PF) is used in [11] for RUL estimation of 
IGBT by monitoring die attachment degradation. Howev-
er, PF faces the challenge of nonlinearity in ICs degrada-
tion, showing a variance close to 20% of RUL estimation.  

Additionally, the parametric deviation of electronic RC 
signals is used in a neural network that extracts data fea-
tures and generate a health estimation of the RC circuit 
[17], [18]. These techniques are chosen due to their capa-
bilities to generate a model that approximates to given 
data. However, neural networks have disadvantages, for 
example, it could result in multiple minima and over-
fitting because of nonconvex quadratic minimization [19]. 

The high standards of industrial applications force elec-
tronic systems to work in multiple environments, such as 
low or high temperatures. In addition, use-time (stress) 
has to be considered individually for each chip, since it is 
workload dependent [20]. In modern ICs, the complex 
phenomenon of aging due to HCI and BTI, has raised 
concerns as it has been recognised as the primary para-
metric failure mechanisms [21], [22]. In [23] and [21] a set 
of tests provide insight about degradation of CMOS tech-
nology due to temperature. Other studies have addressed 
path delay and frequency drift of ring oscillators over 
lifetime [21], [24].  
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In order to respond to the need for an accurate estima-
tion of RUL and overcome shortcuts of previous alterna-
tive approaches, this paper proposes an accurate method-
ology that enables each electronic device (with its own 
working condition) to predict RUL, meaning that each IC 
within a population can be monitored individually. This 
approach considers complexity of fault mechanisms for 
the monitoring of CMOS technology health and failure 
estimation, utilising a 22nm CMOS technology and aging 
models provided by GlobalFoundries (GF). The proposed 
method can be incorporated using other design libraries 
and following the generic steps depicted in Fig. 1 and the 
collection of data shown in Fig. 2. To the best of our 
knowledge, this is the first work on RUL estimation of 
digital designs. 

The proposed methodology generates an accurate RUL 
predictor using support vector regression (SVR). This 
algorithm has the capability to generalise well to unseen 
data, based on the characterisation properties of learning 
machines [6]. Our proposed methodology provides high 
accuracy in RUL prediction, validated over 20 years of 
aging degradation and it is suitable for online deploy-
ment without requiring heavy database on chip. In a sce-
nario with a supply voltage of 0.9 V and temperature var-
iation from 0 °C to 100 °C, 13 stage ring oscillator (13-RO) 
shows 90% cases with a RUL prediction deviation of ±0.2 
years, and between ±0.75 years for the remaining cases. 
Similarly, for a 21-RO, 90% cases demonstrate a deviation 
of ±0.2 years and the remaining are between ±0.8 years. 
Furthermore, with voltage variation from 0.7 to 0.9 V, 
with steps of 0.05V and four representative temperatures 
(25, 50, 75 and 100 °C). The 13-RO shows 52% cases 
among ±0.2 years of RUL prediction deviation and the 
rest among ±0.8 years. Under same conditions, the 21-RO 
shows 80.5% cases concentrated among ±0.2 years and the 
rest among ±0.8 years. 

The RUL methodology proposed in this paper can ul-
timately contribute to important aspects of electronics, 
e.g. improve resources utilization according to standards 
and regulations, such as Energy Star, green ICT and IEEE 
1680, for efficiency requirement of computer equipment 
and innovation in environmental-friendly technologies to 
ensure sustainable growth [25]-[27]. On this matter, green 
ICT emphasizes on reducing e-waste, and microelectron-
ics communities are working to reduce counterfeits, espe-
cially recycled ICs [24], [28]. Additionally, the proposed 
online RUL estimation methodology contributes towards 
the development of a legal framework to reintroduce re-
cycled ICs in the supply chain, thereby reducing e-waste 
and defeating illegal practices for recycled ICs. Currently, 
available methods on aging analysis do not provide direct 
answer to this issue. Moreover, widely used MTTF pa-
rameter is also unable to serve this purpose for individual 
ICs [10]. 

The rest of this paper is organized as follows. In Section 
2, proposed methodology for online RUL prediction is 
presented, describing each step and set-up of the ring 
oscillator along with variables involved in Cadence simu-
lations, using a comprehensive CMOS technology model. 

Section 3 depicts data analysis by arranging data collected 
in a matrix and training of SVR model. Section 4 shows 
test results in various conditions of temperature and volt-
age, demonstrating that proposed methodology is accu-
rate and suitable for online RUL prediction. Finally, con-
clusions are drawn in section 5. 

2 PROPOSED RUL PREDICTION METHODOLOGY 

The flow of the proposed RUL prediction methodology 
is depicted in Fig. 1. This consists of a CMOS model that 
provides raw information to the block of data acquisition, 
which identifies degradation trend. Next, data pre-
processing arranges collected data in a matrix that is uti-
lised in the next block where the algorithm is trained and 
the SVR model is created. Finally, the SVR model is de-
ployed in an online test scenario fed with new tempera-
ture, voltage and the output-frequency of a ring oscillator, 
where the latter has been shown to be representative of 
overall electronic system degradation over lifetime [29]. 

The proposed methodology utilizes raw data generated 
by Cadence Virtuoso simulations for a given lifetime of 
ring oscillator, along with working temperature and volt-
age. 

2.1 CMOS model parameters 

The selection of parameters and working conditions for 

the CMOS technology is described in this section as the 

baseline for next steps in the proposed online RUL pre-

diction methodology. The output frequency of RO is se-

lected, which shows valuable data of the electronic circuit 

related with the working temperature, voltage and aging 

[30], [31].  

The generation of data is undertaken through software 
Cadence using reliability analysis tool with nominal pa-
rameters of comprehensive CMOS models, aware of tem-
perature, power consumption and aging mechanisms 
(BTI and HCI) (Fig. 2), which provides realistic scenarios 
and contributes to the accuracy of online RUL prediction 
results. 

 
Fig. 1. Flow diagram of the proposed RUL methodology. 

 

Fig. 2.Top level view of data collection using a CMOS design. 
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Fig. 3. Flow diagram of the data collection stage. 

Data of output frequency from the ring oscillator (RO) 
is generated under various temperatures and voltages for 
20 years of aging degradation, which is the lifetime expec-
tancy of ICs for industrial, automotive and aerospace ap-
plications [32], [33]. In addition, an output load capaci-
tance has been included in our model, identified in previ-
ous studies as one of the main controllable factors affect-
ing hot carrier-induced degradation [34], [35]. In sum-
mary, the diagram shown in Fig. 3 depicts the inputs and 
outputs involved in data collection. To include the impact 
of process variation, the training parameters can be 
calibrated to incorporate individual device parameters, 
following steps shown in Fig. 1 and Fig. 2. 

2.2 Data acquisition considering temperature and 
voltage variations 

Aging effects induced by BTI and HCI adversely affect 
RO during its functional mode, degrading the output fre-
quency. Increments on threshold voltage of PMOS are 
caused by BTI, which results in reduction of transistor 
current and increase of gate delay. HCI produces traps at 
silicon substrate-gate dielectric interface that affect the 
device parameters including threshold voltage [29], [34]. 

The degradation of output frequency over time is de-
picted in Fig. 4 for a 13 and 21 stage RO. As can be seen, 
frequency decreases noticeably over circuit lifetime. 
Therefore, output frequency of the RO is chosen as a 
proxy for the circuit degradation over time and is used as 
the signal to train the SVR model. The selection of the 
output frequency is grounded in the fact that several pre-
vious works [21], [23], [24] have demonstrated its close 
relation with degradation of CMOS technology due to 
aging. Moreover, producing a stable frequency as output 
is the main purpose of this circuit. This means that the 
value of the output frequency is required to stay above a 
safe threshold and once that limit is exceeded, the RO is 
considered in a failure condition. 

A large number of tests with different operating tem-
peratures are performed for both ROs, with a total of 21 
temperatures, starting with 0°C until 100°C with steps of 
5 degrees between each operating temperature for a 13 
and 21 stage RO.  

 
Fig. 4. Frequency degradation trend for 13-RO and 21-RO with rep-

resentative working temperatures starting from 25 (upper curve), 50, 

75 and 100 °C (lower curve). 

TABLE I 
FREQUENCY DEGRADATION FOR 4 REPRESENTATIVE WORKING 

TEMPERATURES (25, 50, 75 AND 100 °C) FOR 13-RO. 

Working  

Temperature 

Frequency Degradation 

5 years 10 years 15 years 20 years 

25°C 18.62% 23.12% 25.88% 28.03% 

50°C 22.73% 27.60% 31.54% 34.57% 

75°C 26.77% 32.46% 36.41% 39.71% 

100°C 31.51% 37.88% 41.95% 45.38% 

TABLE II  

FREQUENCY DEGRADATION FOR 4 REPRESENTATIVE WORKING 

TEMPERATURES (25, 50, 75 AND 100 °C) FOR 21-RO. 

Working  

Temperature 

Frequency Degradation 

5 years 10 years 15 years 20 years 

25°C 21.37% 25.57% 28.55% 30.96% 

50°C 25.31% 29.98% 34.00% 37.15% 

75°C 28.95% 34.35% 38.37% 41.79% 

100°C 33.12% 39.03% 43.55% 47.42% 

A set of four representative results are shown in Fig. 4, 
demonstrating the trend of output frequency caused by 
temperature and aging, using 22 nm CMOS library pro-
vided by GlobalFoundries (GF). Fig. 4 shows series of 
output frequency that follow a noticeable trend during 
lifetime of the ring oscillator, where the gradient of deg-
radation increases with temperature, similar to results 
reported in [36]. 

Table I reports percentages of degradation of output 
frequency from 13-RO over a period of 20 years. The fre-
quency starts from 20.1 MHz and decreases nonlinearly 
during the operating time, for each working temperature. 
Similarly, Table II shows frequency degradation of 21-RO, 
which exhibits an additional frequency degradation about 
3% when compared with 13-RO results. 

Based on individual frequency degradation at each 
temperature, limits on the percentage degradation can be 
set to keep the RO working at a desirable frequency. As an 
example, three cut-off frequencies for 13-RO are shown in 
Fig. 5. The 1st cut-off frequency is set at 10% degradation, 
the 2nd at 20% and the 3rd at 30%, which is close to the 
degradation reached at room temperature (25°C) at the 
end of 20 years of lifetime. This analysis provides a com-
parison among changes in the gradient of degradation 
when temperature raises from 25°C to 100°C, demonstrat-
ing that at room temperature (25°C), 10% degradation is 
reached in 17 months, whilst at 100°C it is reached in 4.5 
months. Similarly, for cut-off frequency of 20% and 30% 
the gradient of frequency degradation increases with the 
temperature. Analogous results are obtained for 21-RO. 

 
Fig. 5. Output frequency using 13-RO, with cut-off frequencies at 

10%, 20% and 30% degradation. 
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The output frequency is simulated for each RO when 
voltage varies. Results of 13 and 21 stage RO are shown in 
Fig. 6, where variations are seen on starting value of 
output frequency for each supply voltage (Vdd). The Vdd 
varies from 0.7 V (with steps of 0.05 V) to 0.9 V, being the 
latter the ideal voltage supply for 22 nm CMOS 
technology used in our simulations. Each RO shows its 
output frequency in 20 years for four representative 
temperatures (25, 50, 75 and 100 ⁰C) and Vdd variation. 
These results show that Vdd lower than the ideal (0.9V) 
produce fluctuations in the output frequency. Table III 
reports the initial value of output frequency variations for 
each Vdd, where each difference of 50 mV produces a vari-
ation close to 2 MHz.  

The cut-off frequency varies from each device, in this 
case is selected as the least degraded value reached in 20 
years, shown as the top curve in Fig. 6. For 13-RO, the 
cut-off frequency is at 28% of degradation (14.5 MHz), 
when voltage is 0.9V and working temperature is 25°C 
(Fig. 6, top-left). In case of 21-RO, the cut-off frequency is 
at 25% of degradation (15.1 MHz), when voltage is 0.85V 
and working temperature is 25°C (Fig. 6-right). Fig. 6 
shows that lower frequencies generated with a supply 
voltage of 0.7 and 0.75V are excluded since they exceed 
the limit of degradation set by the cut-off frequency. 

   

    

    

    

    

Fig. 6. Output frequency results of 13-RO (left) and 21-RO (right) 

when voltage varies from 0.7 V (with steps of 0.05 V) to 0.9 V. Each 
set of lines of one colour represent one voltage with 4 representative 
working temperatures, i.e. from top to down curve in each set (25, 
50, 75 and 100°C). 

TABLE III  
INITIAL FREQUENCY FOR SUPPLY VOLTAGE VARIATIONS USING 

13 AND 21 STAGE RING OSCILLATORS. 

Supply voltage 
Initial frequency 

13-RO 21-RO 

0.9 V 20.1 MHz 20.1 MHz 

0.85 V 17.8 MHz 18.3 MHz 

0.80 V 16.8 MHz 16.5 MHz 

0.75 V 14.9 MHz 14.6 MHz 

0.70 V 13.1 MHz 12.8 MHz 

3 DATA ANALYSIS 

3.1 Data pre-processing 

In this stage, a matrix to train the SVR model is construct-

ed using output frequency of the RO. This process follows 

three guidelines, which are: use of each collected datum of 

frequency, use operating temperature and voltage to allocate 

the data accordingly and link with indicated RUL by the 

simulation for a given ring oscillator (Fig. 7).  

The comprehensive matrix built for SVR model training 

demonstrates the dependencies of output frequency (freq) on 

each working condition, i.e. working temperature (Tk), Volt-

age (Vk), a constant load capacitance of 200fF (CL200fF) and 

aging time of twenty years (aging20years). 

The output frequencies are gathered in sets for each 
working temperature Fk(Tk) for each voltage (Vl). This can 
be represented as data series (1).  

F1(T1, Vl) = {freq11, freq12, freq13, …, freq1n} 

F2(T2, Vl) = {freq21, freq22, freq23, …, freq2n} 

F3(T3, Vl) = {freq31, freq32, freq33, …, freq3n} 

… 

Fm(Tm, Vl) = {freqm1, freqm2, freqm3, …, freqmn} 

(1) 

Where m=21 working temperatures, l=5 voltage values, 

n=30 samples and a constant capacitance of 200fF.  

The proposed data organization results in a matrix that 

encloses all frequencies with each working condition as well 

as the RUL associated with each datum. The elements of the 

matrix are frequency samples allocated in individual col-

umns according to each working temperature and supply 

voltage, and observed RUL is allocated in the last right col-

umn. Fig. 8 shows the constructed data matrix for all tem-

peratures when voltage remains constant, additional voltage 

cases form analogue data matrix. The data in the matrix is 

allocated in a stairs-fashion, grouping all 21 temperatures 

taken in the same lifetime.  

 

Fig. 7. Data pre-processing criteria and inputs to construct a com-
prehensive matrix.  
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 T1, Vl 

↓ 

T2, Vl 

↓ 

T3, Vl 

↓ 

… T21, Vl 

↓ 

RUL  

associated 

↓ 

 

o freq1,1     RUL1 O 

  freq2,2    RUL2  

   freq3,3   RUL3  

    …  …  

     freq21,21 RUL21  

 freq22,1     RUL22  

  freq23,2    RUL23  

   freq24,3   RUL24  

    …  …  

     freq2*21,21 RUL42  

 … … … … … …  

 … … … … … …  

 … … … … … …  

 freq609,1     RUL609  

  freq610,2    RUL610  

   freq611,3   RUL611  

    …  …  

     freq29*21+21,21 RUL630  

 
Fig. 8. Data matrix constructed with series of output frequency (freq) 
for each temperature (T), voltage (V) per column and associated 
remaining useful lifetime (RUL) of the ring oscillator in the last right 
column. Where fx,y is the frequency at time x and a combination of 
temperature-voltage y. 

For instance, the 1st group is allocated from row-1 to row-

21 in a stairs fashion, i.e. M(igroup-1, jgroup-1) where igroup-1, 

jgroup-1={1, 2, 3,…,21} and the next consecutive groups are 

added below, changing only the sequence of the index num-

bers for rows, igroup-k = k*{1+21, 2+21, 3+21,…,21+21}, 

jgroup-2 = {1, 2, 3,…,21}, where k = {0, 1, 2, …29} is the set 

of 30 samples collected from each lifetime point of the ring 

oscillator.  

Every individual output frequency of the ring oscillator 
is associated with observed remaining lifetime according 
to Cadence simulation results. The RUL is allocated in the 
last column M(i,22), constructing a matrix with a total of 
22 columns and 630 rows, the latter results from multiply-
ing the number of 21 operating temperatures and 30 
number of frequency samples per operating temperature. 

3.2 Support vector regression 

Support vector regression (SVR) is a machine learning 
algorithm chosen due to its capacity to handle local min-
ima, which is one of the challenges of neural networks. In 
SVR algorithm, classification of training data (Fig. 8) is 
undertaken by Kernel feature that maps data into a high-
er-dimensional space in which they become separable, 
thus allowing us to optimise computational requirements 
and delivers reliable association of output frequency and 
its corresponding lifetime. The training of SVR model is 
undertaken offline, reducing calculation time and space 
online. Methods have been proposed for online diagnosis 
of ICs, such as SWARM and particle filtering but they 
have been found to suffer from local minima issues [11], 
[17], [19].  

A general description of SVR algorithm is shown in Fig. 

9, where target variable is RUL and predictor data is fre-
quency [37]. SVR simplicity stems from the fact that sup-
port vector machines (SVM) apply a simple linear method 
to the data but in a high-dimensional space that is non-
linear with the input space. Such method has demonstrat-
ed to be computationally feasible and applicable to a vari-
ety of learning problems, i.e. classification, regression and 
novelty detection [38].  

From the training data (Fig. 8), the goal is to find a 
function (fgoal) (equation (2)) that has at most ε deviation 
(equation (3)) from the actual target (RUL) for all training 
data of freq [6], [38]. The next step in this algorithm is to 
construct the goal function (fgoal) with vector of frequencies 
(freq) and support vectors (w). 

𝑓𝑔𝑜𝑎𝑙 = ⟨𝑤, 𝑓𝑟𝑒𝑞⟩ + 𝑏,   𝑤ℎ𝑒𝑟𝑒 𝑏 ∈ ℝ (2) 

Where w is a subset of training partners under the de-
viation margin, called support vectors, and carry all rele-
vant information about the classification problem [6]. 
Before proceeding with Lagrange function (4), expres-
sions for optimization are built with RULi and freqi, hav-
ing the goal to minimize norm of support vectors (w) in a 
margin of ɛ + ξ (3). 

𝑚𝑖𝑛𝑖𝑚𝑖𝑠𝑒 
1

2
‖𝑤‖2 + 𝐶∑(𝜉𝑖 + 𝜉𝑖

∗  )

𝑙

𝑖=1

 

𝑠𝑢𝑏𝑗𝑒𝑐𝑡𝑒𝑑 𝑡𝑜 {

𝑅𝑈𝐿𝑖 − ⟨𝑤, 𝑓𝑟𝑒𝑞𝑖⟩ − 𝑏 ≤ 𝜀 + 𝜉𝑖
⟨𝑤, 𝑓𝑟𝑒𝑞𝑖⟩ + 𝑏 − 𝑅𝑈𝐿𝑖 ≤ 𝜀 + 𝜉𝑖

∗

𝜉𝑖 , 𝜉𝑖
∗ ≥ 0

 

(3) 

Where, C is box constraint that controls the deviation, 
searched in log-scaled range of [1x10-3, 1x103] [37]. ɛ is 
goal-deviation and ξ is a slack variable used in critical 
constraints.  

𝐿: 
1

2
‖𝑤‖2 + 𝐶∑(𝜉𝑖 + 𝜉𝑖

∗  ) −

𝑙

𝑖=1

∑(𝜂𝑖𝜉𝑖 + 𝜂𝑖
∗𝜉𝑖
∗  )

𝑙

𝑖=1

 

−∑𝛼𝑖 (𝜀 + 𝜉𝑖
∗ + 𝑅𝑈𝐿𝑖 − ⟨𝑤, 𝑓𝑟𝑒𝑞𝑖⟩ − 𝑏)     

𝑙

𝑖=1

 

−∑𝛼𝑖
∗(𝜀 + 𝜉𝑖 − 𝑅𝑈𝐿𝑖 − ⟨𝑤, 𝑓𝑟𝑒𝑞𝑖⟩ + 𝑏)

𝑙

𝑖=1

 

(4) 

 
Where L is the Lagrangian and 𝜂𝑖 , 𝜂𝑖

∗, 𝛼𝑖 , 𝛼𝑖
∗ are Lan-

grange multipliers. 
Prior to compute SVR parameter, fgoal is reformulated af-

ter partial derivatives of L with respect to primal variables 
(𝑤, 𝑏, 𝜉𝑖 , 𝜉𝑖

∗), leading to a dual optimization problem (5) 
and (6). 

𝑓𝑔𝑜𝑎𝑙 =∑(𝛼𝑖 − 𝛼𝑖
∗)𝑘(𝑓𝑟𝑒𝑞𝑖 , 𝑓𝑟𝑒𝑞𝑗) + 𝑏

𝑙

𝑖=1

 (5) 

𝑚𝑎𝑥𝑖𝑚𝑖𝑧𝑒 

{
 
 

 
 1

2
∑(𝛼𝑖 − 𝛼𝑖

∗)(𝛼𝑗 − 𝛼𝑗
∗)𝑘 (𝑓𝑟𝑒𝑞𝑖 , 𝑓𝑟𝑒𝑞𝑗)

𝑙

𝑖,𝑗=1

−𝜀∑(𝛼𝑖 − 𝛼𝑖
∗)

𝑙

𝑖=1

+∑𝑅𝑈𝐿𝑖(𝛼𝑖 − 𝛼𝑖
∗)

𝑙

𝑖=1

 (6) 
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Subject to ∑ (𝛼𝑖 − 𝛼𝑖
∗) = 0

𝑙

𝑖=1
 and α, 𝛼𝑖

∗ ∈ [0, 𝐶] 

Where fgoal is a function that exists and approximates all the 

predictor data freq with the corresponding target data RUL. 

The kernel function 𝑘 (𝑓𝑟𝑒𝑞𝑖 , 𝑓𝑟𝑒𝑞𝑗) maps freq to high-

dimensional space and α, 𝛼𝑖
∗, 𝛼𝑗

∗are Lagrange multipliers 

constrained in a range of [0, C], where C is known as box 

constraint [6].  

Finally, SVR parameters are computed using equation 
(5) and (6), Box Constraint is searched in log-scaled range 
of [1x10-3, 1x103]. Kernel Scale is searched among positive 
values of log-scaled range of [1x10-3, 1x103]. Epsilon is 
searched in the range of [1x10-3, 1x102]*iqr(RUL)/1.349, 
where iqr(RUL) is the interquartile value of the target da-
ta [37], [39]. These parameters range satisfy overall RUL 
deviation prediction of < 0.1 years (36.5 days). 

In this work, RUL is analysed over 20 years, as that is 
appropriate for designs deployed in safety critical do-
main. The training of SVR has the goal to associate the 
output frequency with its corresponding RUL value while 
considering variability in working conditions of tempera-
ture and voltage. 

The RO output frequency is calculated by carrying out 
a transient analysis in Cadence Virtuoso, sampling 
through an emulated 20 years period. The RUL degrades 
progressively over time, showing a decreasing rate ac-
cording to operating conditions of the RO, affected by the 
temperature, voltage and aging of CMOS technology. Pa-
rameter RULk = timeend - timefk is used to associate RUL with 
values of frequency according to operating conditions. In 
online monitoring, trained SVR model is used and only 
values of output frequency and temperature are given to 
the SVR model predicting the RUL of the ring oscillator. 

 

Fig. 9. SVR algorithm flow. 

 

Fig. 10. Training and optimization of SVR parameters to reduce the 
overall RUL prediction deviation to less than 0.1 years (36.5 days). 

 

3.3 Training the SVR model 

In this section, a 13-stage ring oscillator (13-RO) is used 
to describe the optimization process of the SVR parame-
ters, showing the initial and optimized parameters, which 
applies in the same way to the 21-RO. The SVR model 
parameters are tuned based on the results obtained in 
each test with the goal to reduce overall RUL prediction 
deviation to < 0.1 years (36.5 days) (Fig. 10). 

As initial tests of SVR model, only one working tem-
perature is chosen during lifetime of the ring oscillator. 
The performance of initially trained SVR model (before 
parameters optimization) exhibited an average deviation 
on the RUL prediction of 0.63 years (230 days) (Fig. 11). 
The initial parameters of SVR model were improved to 
decrease deviation in RUL prediction following iterations 
as shown in Fig. 10.  

The training process of SVR model is undertaken of-
fline, which allows the usage of all necessary data. Once it 
has been trained, the model is suitable for online applica-
tion. The parameters to optimize are three, i.e. Box con-
straint, Kernel scale and Epsilon. Box constraint has a di-
rect impact on the weight of classification of data points, 
therefore with a higher value performs a stricter separa-
tion of the data. The Kernel scale parameter is used to 
map the data into a higher-dimensional space in order to 
enlarge separation among data. The parameter Epsilon 
affects the number of support vectors used to construct 
the regression function, a larger Epsilon value leads to 
fewer support vectors [6], [38], [40]-[42]. For 13-RO, initial 
value for each parameter is BoxConstraint = 1.3341x10-3, 
KernelScale = 0.59647 and Epsilon = 6.5138 x10-3. The pre-
diction of RUL with these parameters leads to the result 
shown in Fig. 11 where the operating temperature of 25°C 
remains constant during lifetime of the 13-RO. 

The optimization process of SVR parameters finds the 
final values in the ranges shown in equation (5) and (6) 
and using a Bayesian optimization from [37], [39] with a 
maximum number of 30 evaluations, these ranges satisfy 
the goal of overall RUL deviation prediction of less than 
0.1 years (36.5 days). The optimized SVR model is vali-
dated with the prediction of RUL, shown in Fig. 12. Initial 
SVR parameters for 13-RO are optimized and the values 
obtained are BoxConstraint = 800.2, KernelScale = 0.854 
and Epsilon = 0.037. The outcome of this optimization 
process is the reduction on the average deviation of RUL 
prediction, going from 0.63 years (230 days) to 0.03 years 
(11 days), demonstrating the high accuracy that can be 
achieved by training and optimizing SVR model.  

 

Fig. 11. Initial RUL prediction results with SVR without optimizing 
parameters at 25°C for 13-RO, where the time increments according 
to sampling rate provided by Cadence (0.068e0.189*sample).  
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RUL in Fig. 12 follows a clear trend, decreasing pro-
gressively due to CMOS technology degradation during 
lifetime. The effect of aging factors (BTI and HCI) con-
tribute to the non-linearity of RUL prediction, demon-
strated by output frequency of RO in Fig. 4 and Fig. 6, 
used as input data for RUL predictor model. The mathe-
matical approach of SVR to generate RUL predictor mod-
el, takes into account such non-linear characteristics of 
training data, along with each working condition of tem-
perature and voltage. In Fig. 13 the effect of higher tem-
perature is shown, degrading RUL faster. Similarly, the 
optimization of SVR parameters is undertaken for 21 
stage RO, where the average deviation in RUL prediction 
of the initial model is 0.65 years (237 days) and the opti-
mized model improved this result to 0.01 years (4 days), 
for the temperature of 25 °C. For this case, Box Constraint 
changed from 0.47 to 982, Kernel Scale from 64.99 to 0.78 
and Epsilon from 0.39 to 0.034. 

Fig. 12 and Fig. 13 show that RUL prediction is highly 
accurate with less than 0.05 year as average deviation for 
both ring oscillators. These tests demonstrate that SVR 
model can perform predictions of RUL when choosing 
any random frequency value, which is associated effec-
tively with RUL. Further analysis on RUL prediction de-
viation is provided in Fig. 14, where 13-RO and 21-RO are 
tested with four representative temperatures, showing 
individual normal distribution curves for each case. Each 
test results are based on a total of 30 new samples taken 
during the lifetime of each RO under specified tempera-
ture. In all individually tested SVRs for both ring oscilla-
tor, the results show a high accuracy of RUL prediction. 
The numbers on RUL prediction deviation remain under 
±0.6 years and most of them are practically zero.  

The fact that predictions can be performed using oper-
ating frequencies from the ring oscillator, demonstrates 
that this methodology is suitable in cases where devices 
work in different periods of time with different operating 
conditions. Indeed, this scenario is addressed in this pa-
per by temperature and voltage variation, delivering ac-
curate RUL prediction in any stage of RO lifetime. 

 
Fig. 12. RUL prediction results with SVR optimization of the parame-
ters at 25°C for 13-RO, where the time increments according to 
sampling rate provided by Cadence (0.068e0.189*sample). 

 

Fig. 13. RUL prediction results with SVR optimization of the parame-
ters at 50°C for 13-RO, where the time increments according to 
sampling rate provided by Cadence (0.068e0.189*sample). 

 

(a) 

 

(b) 

Fig. 14. Tests on individual SVR model for a set of representative 
temperature (25, 50, 75, 100 ⁰C) for 13-RO (a) and 21-RO (b) that 
demonstrate accuracy of optimized SVR parameters. Normal distri-
bution curves show most predictions with a deviation between ±0.2 
years with worst cases between ±0.6 years.  

 

Fig. 15. The stages involved in the proposed methodology. 

Fig. 15 summarizes the steps involved in proposed 
methodology, where the first three are offline and the last 
one is online where RUL predictor model is fed with new 
random temperature, votage and frequency. Additional 
parameters can be added in the training process of the 
RUL predictor (Fig. 1 and Fig. 15), such as electromigra-
tion that requires access to physical charateristics of the 
CMOS technology [43].  

Additional tests with diferent stress (duty cycles) are per-
formed (Fig. 16) with four representative temperatures 
(25, 50, 75, 100 ⁰C). These results from 13-RO demon-
strates that with less stress, the RO takes longer to reach 
the end of life and reflects the asymtotic behaviour of fre-
quency degradation at high temperatures (Fig. 6).     

 
Fig. 16. RUL prediction results of 13-RO for 50% and 100% stress 
(duty cycles) with four representative temperatures (25, 50, 75, 100 
⁰C).  
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4 SIMULATION RESULTS 

4.1 Online RUL Prediction with temperature 
variation 

For this work, 13-RO and 21-RO are built in Cadence 
using 22 nm CMOS technology library and aging model 
provided by GlobalFoundries (GF). For simulations, a 
100% stress is considered for each device, since the RO is 
kept working continuously during its lifetime. As men-
tioned previously, the output frequency of each RO is 
selected as a proxy for assessing their correct operation. 
The correct operating conditions of RO can be considered 
when frequency remains under a certain value of degra-
dation (e.g. < 20%).  

The goal of proposed methodology is to perform online 
prediction of RUL utilising operating output frequency, 
considering the scenario where the temperature varies 
during the lifetime of the ring oscillator. This is an im-
portant characteristic of the predictor model, because dur-
ing online operation same frequency could be generated 
by various working temperatures during lifetime. In 
online testing, working temperature, voltage and lifetime 
can be chosen randomly to predict the RUL using corre-
sponding output frequency. Therefore, the prediction is 
accurate regardless of the working condition of the ring 
oscillator. SVR algorithm generates a capable model that 
does not require information about the failure time, in-
stead the calculations are based on a failure condition, 
which in this case is the cut-off frequency of the RO. 

Time series (up to 20 years) from various working tem-
peratures {0, 5, 10, …, 100} ℃ of each RO are used. As 
mentioned in previous studies, the output frequency of 
the RO is affected by temperature, voltage and aging, 
which is exploited to complete the training of the RUL 
predictor model. This helps to achieve a training model of 
the SVR with high accuracy in real life conditions, where 
sudden variations of temperature can occur. After train-
ing process of SVR, testing online is undertaken with new 
data from each ring oscillator. The cut-off frequency of the 
13-RO is 25%, which is the degradation reached in 20 
years by the lowest working temperature of 0 ℃, whilst 
21-RO reaches 28% of degradation in same conditions.  

As input of the SVR model, data collected is used to 
construct the matrix depicted in Fig. 8. Exercising of each 
step of proposed methodology is undertaken in this last 
section to verify its accuracy and optimization. The set of 
four steps are implemented by each individual electronic 
device, generating a dedicated SVR model that can be 
deployed online for each ring oscillator (Fig. 15).  

The set of results in Fig. 17 show observed RUL for 13-
RO and 21-RO. RUL observed is represented in green cir-
cles (Cadence) and predicted in red Xs (proposed SVR 
method), showing a very high proximity in each case, 
which demonstrates that RUL prediction is highly accu-
rate for all temperature conditions. In Fig. 17, RUL values 
are calculated for each data point generated from the set 
of working temperatures, starting with the lowest tem-
perature of 0°C and ending with the highest temperature 
of 100°C. Among these temperatures, an increment of five 
degrees was introduced to generate each time series, as 

shown in Fig. 8. 

All observed RUL generated during the lifetime of the 
ring oscillator, were plotted alongside to show differences 
with RUL predicted and the trend through time. Accord-
ing to the first RUL curve (0°C) shown in Fig. 17, the ring 
oscillator reaches the end of its useful lifetime in twenty 
years, since the cut-off frequency is selected from this 
temperature. As expected, the other RUL curves show 
that a less stressed ring oscillator presents longer lifetime 
and this is calculated accurately online using proposed 
RUL estimation method.  

All the curves start with a RUL of twenty years and ac-
cording to the working temperature the slope increases 
with time. The lifetime is represented by the horizontal 
axis in an exponential scale (0.068e0.189*sample), following the 
sampling rate of data provided by Cadence. 

 
(a) 

 
(b) 

Fig. 17. Online RUL prediction results with various operating tem-
peratures for 13- RO(a) and 21-RO(b), where the time increments 
according to sampling rate provided by Cadence (0.068e0.189*sample). 

 

Fig. 18. 13 and 21 stage ring oscillator normal distribution curves of 
RUL prediction accuracy for a total of 630 samples that shows 90% 
of cases with a deviation of ±0.2 years. 
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When working temperatures increase, RUL curves ex-
hibit a higher slope that separates them from each other, 
showing offsets in last RUL points calculated at end of 
life. Furthermore, these results encompass previous 
works in this field, where the ring oscillator is considered 
a reliable indicator of the lifetime of the whole integrated 
circuit [29], [44], [45]. In Fig. 17, comparing first two oper-
ating temperatures of 0°C and 5°C, the latter shows a 
faster RUL reduction, reaching the end of useful life at 
16.5 years, which is 3.5 years earlier than 0°C.  

Results from Fig. 17 also indicate that the impact of in-
crementing 5 degrees is more noticeable in lower temper-
atures than at higher ones. For instance, the offset on the 
RUL numbers of temperatures among 0°C to 25°C are 
close to 3 years, whilst for higher temperature values this 
is lower than 3 years, and between 95°C and 100°C the 
offset on the end of life is less than 0.43 years. This can be 
seen in Fig. 17, in the lower part where the last points of 
the RUL are plotted. Finally, in the last temperature con-
dition of 100°C, the RO reaches the end of useful life in 2.5 
years, working continuously during this lifetime (100% 
stress). The normal distribution curves of online RUL 
predictions result for 13 stage RO (Fig. 18), show that de-
viations are noticeably low. From a total of 630 samples, 
90% of cases presents a deviation in the prediction of ±0.2 
years and the rest 10% is between ±0.75 years. For 21 stage 
RO, 90% cases demonstrate a deviation of ±0.2 year and 
the rest 10% between ±0.8.  

The impact of temperature disturbances has been ana-

lised in this paper, undertaken by using the same RUL 

predictor with cases where the sensor of temperature de-

livers numbers different from the real temperature on-

chip. The results are shown in Fig. 19, where the predic-

tions of RUL are tested with disturbances of ±5°C, 

demonstrating that predictions remain close to the ob-

served RUL, with errors not far from zero. For the case of 

25°C the mean (µ) is -0.10 years and the variance (σ) is 

0.18 years, similarly for 50°C the µ = 0.0 years and σ = 0.15 

years and for 75°C; µ = -0.22 years and σ = 0.37 years. The 

latter shows the worst case, where the maximum separa-

tion of predicted RUL is 1.8 years. The comprenhensive 

training of RUL predictor, enables the predictions to stay 

accurate, since this involves a wide range of tempera-

tures, voltages, frequency, aging factors from 22nm 

CMOS library and observed RUL from Cadence. 

 
Fig. 19. RUL estimation when input temperature deviates by ±5°C for 
three representative temperatures. 

 

As this implementation does not include the impact of 
process variation, it may lead to accuracy errors. The ef-
fect of process variation can be incorporated using earlier 
studies e.g. [46], which will require Monte Carlo analysis 
and RUL model amendment using generated results. This 
will be incorporated with relevant validations in our fu-
ture work. 

4.2 Online RUL prediction with voltage and 
temperature variation 

The variability of output frequency due to voltage and 
temperature is addressed accurately by proposed meth-
odology of online remaining useful lifetime (RUL), cover-
ing the need of individual RUL prediction for devices in a 
big population. 

As shown in Fig. 6, both ring oscillators exhibit inter-
sections of output frequency curves from different voltag-
es, as well as superpositions, caused by variations on 
working conditions, where some curves change from be-
ing below to above others. These cases are tested with the 
RUL predictor model proposed in this paper, where cor-
rect predictions of remaining useful lifetime are achieved 
regardless of variations on temperature and voltage.  

RUL results for 13 and 21 stage ring oscillators is 
shown in Fig. 20 (a) and (b) respectively, where high accu-
racy is maintained by proposed SVR model. When volt-
age and temperature vary, many RUL predicted lines are 
close to each other as well as some overlap. This is due to 
the intersections in the frequency values found in many 
combinations of voltage and temperature. The SVR model 
can predict RUL regardless of working temperature and 
voltage with high accuracy. 

 
(a) 

 
(b) 

Fig. 20. Online RUL prediction results with voltage and temperature 
variation for (a) 13 stage RO and (b) 21 stage RO, where the time 
increments according to sampling rate provided by Cadence 
(0.068e0.189*sample). 
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Fig. 21. Normal distribution curves of RUL prediction accuracy for 13 
RO and 21 RO. For 13-RO, 52% cases have a deviation of ±0.2 
years in a total of 297 samples. For 21-RO, 80.5% cases have a 
deviation of ±0.2 years in a total of 252 samples. 

These results show that with lower voltage and higher 
temperature, the remaining life of the ring oscillator re-
duces faster. The normal distribution curves of RUL pre-
diction deviations for both 13 and 21 RO are shown in 
Fig. 21. With a total of 297 samples for 13-RO, 52% cases 
are among ±0.2 years of deviation. For 21-RO, 252 sam-
ples are considered and most of RUL predictions are con-
centrated among ±0.2 years deviation with 80.5% cases. 

4.3 Performance evaluation 

The performance of proposed methodology can be 
evaluated based on RUL prediction accuracy, training 
time of the predictor and suitability for online implemen-
tation. The priority of this methodology is accuracy on the 
prediction of RUL and this is achieved by SVR model. 
Training time is undertaken offline, providing a very ac-
curate predictor that can be deployed online. Tests with a 
variety of working conditions show how effective is the 
proposed methodology, demonstrating that in any com-
bination of lifetime, temperature and voltage the online 
prediction can be very accurate. The time and space occu-
pation of this methodology makes it suitable to be de-
ployed for online systems. For instance, in tests undertak-
en with a workstation PC that has 16 GB of RAM and a 
processor of 3.4 GHz, the time for training the SVR model 
including the optimization process took 3.5 minutes for 
both ring oscillators (13-RO and 21-RO) and the whole 
algorithm could be loaded as software, requiring 0.5 MB of 
disk space.  

For a practical implementation of proposed methodol-
ogy, a general diagram is shown in Fig. 22 which would 
hold in memory the RUL predictor parameters found 
from the training process (Fig. 15). This algorithm is sup-
ported by the availability of ring oscillator (RO) in elec-
tronic devices, considered a reliable indicator of the life-
time of the whole integrated circuit [29], [44], [45]. This 
proposal for implementation considers a 22 nm CMOS 
technology design, backed-up by tests performed in this 
work and the historical data collected from CMOS library, 
including comprehensive models that considers aging 
effects and evolution of output frequency through time.  

Fig. 22 encompasses elements required for the 
implementation of proposed online RUL prediction 
method in a processor. This includes loading the code 
from memory, which is the SVR model dedicated for a 
given CMOS technology. This will be used for the calcula-
tion of RUL based on the frequency and temperature, the 
latter will be taken from a sensor typically deployed in 
embedded processors. 

 

Fig. 22. Implementation of the proposed methodology in an embed-
ded processor. 

5 CONCLUSION 

The reliability of electronic systems requires to be ad-
dressed alongside the fast scaling of CMOS technology 
and progressive increment on applications that demand 
accurate prediction of remaining useful lifetime (RUL). 
This paper proposes a reliable methodology for online 
RUL prediction using output frequency of a ring oscilla-
tor (RO). Individual RUL prediction for CMOS devices 
can be addressed, which is an issue in the common ap-
proach of mean time to failure (MTTF). The proposed 
methodology deploys the support vector regression 
(SVR), a machine learning algorithm that provides bene-
fits of low cost for online monitoring of RUL. The training 
of SVR model is undertaken with various operating con-
ditions of temperature and voltage. In Cadence ADE-XL 
and Virtuoso packages, a comprehensive CMOS model is 
used, aware of temperature, power consumption and ag-
ing mechanisms (BTI and HCI). The output frequency 
signal from RO was proven to be suitable for training the 
SVR model and reliable proxy for the calculation of online 
RUL. This work ultimately contributes to improve relia-
bility awareness of devices deployed in safety critical 
domain, for example autonomous vehicles, and also to-
wards developing a legal method to reintroduce recycled 
ICs in the supply chain, reduce e-waste and defeat illegal 
practices of reusing ICs.  

This paper presents results from 13-stage and 21-stage 
RO, using 22 nm CMOS technology library provided by 
GlobalFoundries. In a scenario with a supply voltage of 
0.9 V and a variation in temperature from 0°C to 100°C, 13 
stage RO, shows that 90% of cases have a deviation in 
RUL prediction of ±0.2 years and the rest 10% are between 
±0.75 years. For a 21 stage RO, in same conditions, 90% of 
cases have a deviation of ±0.2 years and 10% are between 
±0.8 years. Furthermore, tests with voltage and tempera-
ture variation demonstrate high accuracy, using voltage 
values from 0.7 to 0.9 V, with steps of 0.05V and four rep-
resentative temperature (25, 50, 75 and 100 °C). The 13-
RO has 52% cases between ±0.2 years of deviation and 21-
RO RUL predictions are concentrated mostly between 
±0.2 years deviation with 80.5% cases, the remaining cases 
for both ring oscillators are located between ±0.8 years of 
deviation. 
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