
  

  

Abstract— Recent advances in sensor technology, remote 

communication and computational capabilities, and 

standardized hardware/software interfaces are creating a 

dramatic shift in the way the health of vehicles is monitored and 

managed.  Concomitantly, there is an increased trend towards 

the forecasting of system degradation through a prognostic 

process to fulfill the needs of customers demanding high vehicle 

availability. Prognosis is viewed as an add-on capability to 

diagnosis that assesses the current health of a system and 

predicts its remaining life based on sensed features that capture 

the gradual degradation in the operation of the vehicle.  This 

paper discusses a hybrid model-based, data-driven and 

knowledge-based integrated diagnosis and prognosis 

framework, and applies it to automotive (suspension and 

battery systems) and on-board electronic systems. 

I. INTRODUCTION 

HE relentless competition among automotive and 

aerospace companies, increased demands from 

customers for dynamically-controlled safety systems, and 

growing dependence on electronics are creating the need for 

a continuous monitoring system that tracks and identifies 

trends in and sources of  component degradations prior to 

failure. This is because conventional maintenance strategies, 

such as corrective and preventive maintenance, are not 

adequate to fulfill the needs of customers demanding high 

vehicle availability.  The early warning capability seeks to 

detect, isolate and estimate the severity of faults (viz., fault 

detection and diagnosis) based on models that include cross-

subsystem fault propagation effects, and relate detected 

degradations in vehicles to accurate remaining life-time 

predictions (viz., prognosis) of replaceable components.  

Fault diagnosis and prognosis (FDP) have mainly evolved 

upon three major paradigms, viz., model-based, data-driven 
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and knowledge-based approaches. The model-based 

approach uses a mathematical representation of the system 

and thus incorporates a physical understanding of the system 

into the monitoring scheme. These methods use statistical 

estimation techniques based on residuals generated using 

observers (e.g., Kalman filters, reduced-order unknown input 

observers, interacting multiple models, particle filters)  and 

parity relations (dynamic consistency checks among 

measured variables) to track the component degradations. 

A data-driven approach to FDP is preferred when system 

models are not available (e.g., when subsystem vendors do 

not share models for competitive reasons), but instead 

system monitoring data is available.  Here, failure prognosis 

involves forecasting of system degradation and time-to-

failure based on “state awareness” gleaned from monitored 

data. Neural network and statistical classification methods 

are illustrative of this approach.  The fault scenarios must 

span the universe of system faults for data-driven approaches 

to be effective. This is rarely the case when new and/or 

frequent upgrades to existing vehicles are introduced. 

The knowledge-based approach uses graphical models 

such as Petri nets, multi-signal flow graphs and Bayesian 

networks (BNs) for system monitoring and troubleshooting 

[1]. The approach is especially well-suited for prognosis of 

coupled systems, where the prognostic test outcomes (from a 

model-based or data-driven approach) can be used to isolate 

the root cause to replaceable components. Multi-signal 

models are preferred because they can be applied to large-

scale systems with thousands of failure modes and tests, and 

can include failure probabilities and unreliable tests as part 

of the inference process in a way that is computationally 

more efficient than BNs [2]. 

From a design perspective, it has been well-established 

that a system must be engineered simultaneously with three 

design goals in mind: performance, ease of maintenance, and 

reliability. To maximize its impact, these design goals must 

be considered at all stages of the design: concept → design 

of subsystems → system integration → operations and 

training. Model based/data-driven/knowledge-based 

approaches to prognosis provide the toolkit for an 

“integrated diagnostic and prognostic process” [3] (see Fig. 

1), representing  a structured, systems engineering approach 

and the concomitant information-based architecture that test 

designers can use to experiment with, and systematically 

optimize the economic and functional performance of a 

system. The optimization process integrates the individual  
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Fig. 1.   Integrated Diagnostic and Prognostic Process 

diagnostic elements of design for testability, on-board 

diagnosis, automatic testing, manual troubleshooting, 

training, maintenance aiding, technical information, and 

adaptation/learning from field data.  The process, illustrated 

in Fig. 1, comprises of six major steps: model, sense, 

develop and update test procedures, infer, adaptive learning, 

and predict.  These are described in greater detail in [3]. 

The predict step of Fig. 1 can be further expanded as a 

six-step prognostic process shown in Fig. 2 to estimate the 

remaining useful life (RUL) of components.   In this paper, 

we consider three representative applications based on 

model-based and data-driven approaches to prognosis.  In 

section II, we will discuss model-based prognosis of 

automotive suspension system.  Model-based prognostic 

techniques are based on singular perturbation methods in of 

control theory, coupled with an interacting multiple model 

(IMM) estimator [4].   In section III, we will discuss data-

driven prognosis of Li-ion batteries and electronic systems 

[5].  Data-driven approach to prognosis is based on pattern 

recognition (e.g., support vector machine regression), signal 

processing and Markov chain techniques [1].  Section IV 

concludes the paper by suggesting a need for combining 

diagnosis and prognosis to address cross-subsystem fault 

propagation in modern integrated drive-by-wire systems. 

II. MODEL-BASED PROGNOSIS: APPLICATION TO AUTOMOTIVE  

SUSPENSION SYSTEMS 

As shown in Fig. 2, our model-based prognostic process to 

estimate the remaining life involves: (1) developing a system 

model from first principles or identifying it from data, (2) 

collecting system performance data by simulating or running 

the system under likely usage and environmental conditions, 

(3) relating system parameters/features to deterioration 

(prognostic modeling),(4) estimating system parameters from 

data via output error method, (5) tracking the degradation 

measure via interacting multiple models (corresponding to 

usage modes), and (6) forecasting the remaining useful life 

(along with a confidence estimate). Statistical techniques are   

 
Fig. 2.   Model-based prognostic process 

 used to define the thresholds on residuals to detect the 

presence of component degradations.  This process has been 

applied to a suspension system, pumps and generators.  An 

advantage of model-based prognostics is that, in many 

situations, degradation is closely related to model parameters 

(e.g., stiffness and degraded state of a suspension system).  

The model-based prognostic process is applied to an 

automotive suspension system in [4]. The half-car two 

degree of freedom suspension system model is a two-time 

scale model with eight states; fast time-scale model 

represents system performance model and a slow-time scale 

model characterizes the degradation process.  An IMM filter 

is implemented to estimate the degradation. The time-

averaged mode probabilities are used to predict the 

remaining life [4].  

The results of 100 Monte-Carlo simulations for the system 

under three different road conditions, viz., very good, fair, 

and severe road conditions are presented in Fig. 3.  The road 

conditions were modeled using a correlated Gaussian 

process with different noise intensities.  Compared to the 

severe road condition, the increase in the life times for the 

fair and very good roads are about 35% and 80%, 

 
Fig. 3.   Data from 100 Monte-Carlo Simulations for 

the Three Road Conditions 
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Fig. 4.  Estimation of Remaining Life for a Typical 

Simulation Run 

 respectively.  If we  assume a 10% calendar time usage of 

the automobile (2.4 hours of driving a day), the expected life 

of the suspension system is 4.5, 6 and 8 years, respectively, 

for the three road conditions. A 3-mode IMM (corresponding 

to the three road conditions) tracks the road condition very 

well based on four noisy vertical acceleration measurements. 

Fig. 4 presents the estimate of remaining life (solid bold 

line) and its variance for a usage scenario run, where system 

mode changes are as follows. Mode 1: 5[0,70 X10 s] , Mode 

2: 5[70,140 X10 s] , Mode 3: 5[140 X10 s, ]
end

t , where 
end

t is 

the time at which degradation measure 1ξ = . We can see 

that, initially, the remaining life estimate follows Mode 1 and 

after switching to Mode 2, the remaining life estimate is in 

between those of Modes 1 and 2, which is what one would 

expect. Finally, the remaining life estimate approaches that 

corresponding to Mode 2. The dashed bold line represents 

the remaining life estimates assuming that the road surface 

condition can be measured accurately via a sensor (such as 

an infrared sensor).  Thus, the IMM may be viewed as a 

software sensor for determining the road condition.  In Fig. 

4, we can see that the IMM produces remaining life 

estimates that are close to the estimates that one would get 

with an additional displacement sensor. The difference 

between these two estimates is relatively high (about 6%) at 

the beginning (ξ < 0.1), and they are virtually identical as 

degradation measure ξ increases. 

III. DATA-DRIVEN PROGNOSIS: APPLICATION TO LI-ION 

BATTERIES AND ELECTRONIC SYSTEMS 

A. Prognosis of Li-ion Batteries 

    With unstable oil supplies and increased emphasis on 

alternative energy, hybrid electric vehicles are viewed as the 

future of automotive market.  In order to implement closed- 

loop (condition-based) maintenance of Li-ion batteries 

(which are batteries of choice for Chevy Volt), a key 

 
Fig. 5.  SOC, SOH, and RUL estimation framework 

problem to be solved is the dynamic estimation of its status. 

A systematic procedure for prognosis of batteries is shown in 

Fig. 5.  It involves estimating three critical characteristics of 

a battery, viz., state of charge (SOC), state of health (SOH), 

and remaining useful life (RUL) [1].  State of Charge (SOC) 

is defined as the available capacity in a battery expressed as 

a percentage of the actual (or estimated) rated capacity and 

ensures optimum control of the charging/ discharging 

process. SOH is the ability of a cell to store energy, source 

and sink high currents, and retain charge over extended 

periods, relative to its initial or nominal capabilities. This is 

vital for assessing the readiness of emergency power 

equipment, and is an indicator of whether maintenance 

actions are needed. We will employ capacity fade, power 

fade and energy fade as measures of SOH of a battery and 

later for RUL prediction.  The ability to accurately predict 

the RUL is the key to proactive, condition-based 

maintenance of batteries.  

We employed a modified Randles circuit [6] model for 

our prognostic study.  The frequency-dependent impedance 

Z is given by: 

( ) ( )

( ) ( )1/2

1

1

tc

HF w

tc dl

w

R
Z R Z

j R C

Z j

ω ω
ω

ω γω

= + +
+

= −
          (1) 

where 
HF

R  (high-frequency resistance for  f >125Hz) 

denotes the electrolyte and connection resistances, the 

||
tc dl

R C parallel circuit models the charge transfer 

phenomenon at mid-frequencies (0.125 to 125 Hz), and 

W
Z is the Warburg impedance which models the low-

frequency diffusion phenomenon (0.01 to 0.125Hz). The 

circuit parameters are estimated from the electrochemical 

impedance spectroscopy (EIS) test data using non-linear 

least squares estimation techniques.  However, this is an ill- 

conditioned problem. Thus, to decrease the computational 

load and increase the accuracy of estimates, the estimation 

problem was decomposed into specific frequency areas of
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Fig. 6.  Minimum and Maximum DOD and RUL prediction 

the Nyquist plot. A lumped parameter circuit model based on 

Low-current Hybrid Pulse Power Characterization (L-HPPC) 

test data is used to determine degradation in cell resistance, 

power and energy.  The estimated capacity, obtained from 

the linear correlation between the battery resistance and 

C1/1
1
 capacity in EIS data, helps the nonlinear SVM model 

to predict battery’s SOC as well as the capacity fade and the 

power fade. Power and capacity fade can also be calculated 

from the additional battery characteristics, such as available 

energy and available power, which are derived from the L-

HPPC data. Available Energy is defined as the energy 

removed during a C1/1 discharge over the depth of discharge 

(DOD) range for which the discharge and regen pulse power 

goals for a given mode of operation are met.  Available 

power is the maximum discharge power capability at which 

the available energy goal is met and is a good indicator of 

battery degradation over its life.  Available power and 

available energy represent two complementary aspects in 

battery performance at any point in time. Another battery 

characteristic, useable energy, is used to calculate the 

available energy as shown in Fig. 6(a). Here, the maximum 

DOD at which the available energy goal is met is 57%; the 

Cold Cranking test is performed at this DOD. The power 

fade and capacity fade estimates from EIS and L-HPPC data 

are within 5% of each other. 

Predictions of remaining useful life (RUL) of the battery 

are obtained by employing an auto-regressive SVM of the 

power fade and capacity fade estimates, thereby capturing 

the temporal variations of these quantities (here we show 

results for the baseline cell 15). The SVMR model to 

estimate the capacity and power fade showed excellent R
2
 fit  

values of 95% for as many as 10 week-ahead predictions. 

The estimates of capacity fade and power fade, in turn, are 

used to estimate the remaining useful life (RUL) of the 

battery via a moving average SVM regression for different 

thresholds on capacity fade (30%) and power fade (23%). As 

 
1 C1/1 Rate: The current corresponding to the rated capacity in ampere-

hours for a 1-hour discharge. For example, if the battery’s rated 1-hour 

capacity is 5 Ah, then the C1/1 is 5 A. 

seen in Fig. 6(b), the RUL of the battery decreases with time 

and the end-of-life (EOL) criterion is based on the 

application- dependent capacity fade and power fade. RUL is 

significant to assess the health of the battery.  As seen in the 

Figure, the RUL of the battery decreases with time and the 

EOL criterion is based on application-dependent capacity 

fade and power fade. Additional details can be found in [5]. 

B. Prognosis of Onboard Electronic Systems 

Currently, prognostics and condition monitoring research 

in electronic systems is primarily focused on stand-alone 

devices, components, and interconnects; e.g., capacitors, 

transistors, rectifiers, PCB solder joints and wiring.  Building 

analytical models for even the rudimentary on-board systems 

from their constituent component models is virtually 

impossible due to the high level of complexity and non-

linearity.  In the face of this challenge, we present a novel 

data-driven prognostic and condition monitoring approach 

for complex electronic systems that employs a range of 

information extraction, signal processing, stochastic dynamic 

modeling, and statistical discrimination techniques. The 

approach uses monitored data, system specs, usage and 

environmental information, and component interdependency 

information (if available) as inputs. This subsection 

highlights the health prognostics part of the scheme; the 

condition monitoring part is presented in detail in [7].  

Methodology 

The parametric prognostic process consists of four major 

stages; firstly Mahalanobis distance (MD) value sequences 

[8] between consecutive health states are generated using 

monitored data from a healthy system; secondly, noise 

suppression and conversion into symobolic time-series [9] is 

performed; thirdly, a Markov state model is generated; and 

finally diagnostic and prognostic parameters and measures 

are generated for the actual anomaly/degradation detection 

and system health   forecasting using time series and neural 

network techniques [10] [11]. 

A flow chart of the process is shown in Fig. 7. Steps (a) 

through (g) extract the information stated in Stages 1 through 

3, while step (h) generates readily usable parameters and  
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Fig. 7.  Data-driven Prognostics and Condition 

Monitoring Steps 

Table 1: Health Condition Measures 

Number of new states 8 

Change in state probability within 

consecutive time points (state 111 :888) 

π-π0 = 

0.0443 

Change in mean time to stay in state 

(state 111:888) 

Tm-Tm0 = 

60 unit 

Difference in time unit taken to reach 

state 111 from 888 
t-t0 = 14 

measures for prognosis. The data-driven prognostic approach 

(Fig. 7) follows a good part of the methodology developed 

for the model-based prognostic approach (Fig. 2). The 

experimental data generation via system simulation or 

experimental runs and feature extraction for the data-driven 

approach is comparable to Steps 2 and 3 in the model-based 

approach.  Prognostic modeling (step 3 in both the 

approaches) and tracking the deterioration of system health 

(step 5 and step 4 in Fig. 2 and Fig. 7 respectively) are also 

similar in both the approaches except for the sequence of 

execution.  In the model-based approach these two steps are 

performed in parallel, while in the data driven approach the 

"Feature Extraction" step precedes the "Prognostic 

Modeling" step. Both the approaches culminate with a step 

that actually provides forecast on system health.  

The work presented in this paper concerns health 

condition forecasting (step (i) in Fig. 7), which consists of 

two sub-steps. In the first sub-step, statistical time series 

algorithms (e.g., Autoregressive (AR) [11]) provide an initial 

estimate of drift in health condition over time. Using the 

predicted drift, initial state probabilities, and state transition 

probabilities, a classifier estimates the forecasted health state 

in the second sub-step.  

Since the health states are not continuous numbers (that 

are standard form of input for time series analysis), we 

developed a customized process to perform health state 

forecasting (see Fig. 8). We employed a preprocessing step 

that computes temporal drift in health condition of the target 

system in terms of Euclidean distances between successive 

health states (proportional to MD values for equal 

covariance case); providing a reference estimation target for 

the time series algorithm. It should be noted that the 

cumulative drift path does not represent the actual drift in the  
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Fig. 8.  The Prognostic Stage (Stage 4) 

health condition over time; only the drift between two 

successive sampling points represents the actual change in 

the health condition (as in a Markov process). In this work, 

we used a Support Vector Machine (SVM) based 

classification method to determine the time projected 

“Markov state” viz., the actual health status. 

Sample Case Study and Results 

We conducted an experimental study using personal 

computers (PC). PCs can be considered as representative 

prototype of aircraft onboard electronic systems, as their 

functional principles are nearly identical. Experiments were 

performed on ten identical notebook computers under six 

different environmental conditions. The environmental 

conditions were defined on the basis of temperature and 

humidity combinations; ranging from 25°C - 50°C with 55% 

RH - 93% RH. Details of the experimental scenario can be 

found in [7]. The monitored parameters included fan speed, 

% CPU usage, temperature, etc.  

The monitored data (here, fifty data points) from a healthy 

system are transformed into scalar MD values; these were 

used to create a baseline scenario.  MD values derived from 

an unhealthy system were compared against the baseline to 

verify its ability to discern the health condition. Wavelet 

analysis using a ‘db5’ wavelet was performed on the MD 

time series to remove noise from the signal, and to extract 

features from the data, such as trends, discontinuities, and 

self-similarities. A stacked plot of coefficients vs. scales at 

different time shifts, partitioned into eight regions is 

generated to achieve maximum Shannon entropy.  A symbol 

corresponding to each partition was chosen to represent the 

MD value generating a sequence of symbols for the entire 

time history forming a symbol sequence.  

In this study, the 8 symbols with a word length of 3 

resulted in 512 Markov states. The number of states was 

reduced from 512 to 146 by excluding those that had never 

been visited. The Markov model provided the parameters 

and measures for health condition monitoring and 

prognostics. The baseline values of these measures are listed 

in Table 1. When, an experimental case exceeds these 

values, one can assume that the system’s health condition has 

drifted from its nominal state. The Markov model provides a  
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Fig. 9.  Drift Forecasting using Time Series Algorithm 

Table 2: Partial View of the Forecasted Health States 

for the Sample Case 

Time 

Stamp 

Initial 

State 

Initial State 

Probability 

Final 

State 

Forecasted 

Final State 

1 443 0.004093 544 544 

2 434 0.002729 444 445 

3 345 0.00091 444 455 

:::: :::: :::: :::: :::: 

167 433 0.0045475 432 434 

:::: :::: :::: :::: :::: 

257 634 0.00091 653 643 

258 345 0.003183 532 523 

259 455 0.002274 324 332 

set of states among which some represent  ‘healthy 

condition’ and others represent ‘unhealthy condition’.  For 

prognostics study, the goal is to forecast the ‘Markov state’ a 

number of time steps ahead. Once the state is forecasted, 

based on its vicinity to healthy (or unhealthy) states, a 

decision can be made on the health condition of the system 

via a classification scheme. 

Prognostic Performance 

We studied performance of different time series algorithms 

using 20 time step ahead forecasting (i.e., forecast the health 

state at t+20 time step using information from (0,t). Samples 

of true and forecasted outputs for the cumulative distances 

are shown in Fig. 9. A “Fit” value is used to measure the 

conformance between the true and forecasted health 

estimates. The “Fit” value is given by  

ˆ[1 ( ) / ( )]*100Fit norm y y norm y y= − − −  %,      (2) 

where y refers to the truth, ŷ refers to the estimated state, 

and y  refers to the mean of the true states.  We found that 

the fit value was about 95% for all investigated algorithms. 

Upon forecasting the distance, a SVM-based classifier was 

employed to determine the actual health status in the form of 

‘Markov state’. Sample results of Markov state forecasting 

are shown in Table 2. In estimating the final health state, the 

average forecasting error in terms of Euclidean distance was 

less than 2, and the maximum error was below 4.3 (where the 

maximum possible error can be 12.12). The number of valid 

states for the example case was 146, which is fairly large. 

The state transition probabilities were computed from only a 

limited number of trials and thus it is quite likely that these 

estimates can be improved. As state forecasting utilizes these 

state transition probabilities, its improvement would lead to 

better forecasting accuracy. 

IV. CONCLUSIONS AND FUTURE RESEARCH 

We have discussed a systematic prognostic process, which 

can be applied to automotive and electronic systems. The 

prognostic process is designed with a real-world perspective 

that allows one to experiment with model-based/data-driven 

techniques. In order to apply this process to coupled systems 

(e.g., automotive chassis systems in modern vehicles), 

diagnostic inference must be combined with prognostic 

techniques.  In this vein, combining coupled hidden Markov 

model-based inference algorithms that infer the most likely 

evolution of component degradations with the prognostic 

algorithms would be a useful avenue of research [12]. 
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