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Abstract 
We propose a sensor-based decision-making methodology for improved equipment replacement and spare parts 
ordering decisions.  The developed mathematical framework integrates condition-based health information of 
engineering systems with existing decision models.  A simulation case study is presented to demonstrate that 
implementing this methodology improves the performance of a hypothetical manufacturing system. 

1. Introduction 

Accurately predicting unexpected system failures is 
crucial for minimizing system maintenance costs, 
improving the efficiency and performance of 
engineering systems, and ensuring human safety.  
Within the scope of maintenance management, accurate 
predictions of failure times are necessary for efficient 
maintenance planning.  For instance, deciding which 
component to replace and when, requires a careful 
balance between the cost associated with premature 
replacement and the cost of unexpected failure.  
Furthermore, spare part ordering time and stocking 
quantity need to be planned such that holding costs are 
kept to a minimum while avoiding stock-outs.  
Unfortunately, accurate failure prediction is not an easy 
problem due to two main challenges (1) the limited 
understanding of the physics-of-failure, and (2) the 
stochastic nature and high level of uncertainty 
associated with the degradation processes that occur 
prior to failure. 

The literature on replacement modeling and spare 
parts inventory planning can generally be categorized 
into two classes.  The first class focused on replacement 
decision policies that relied on the current state of the 
equipment.  For example, Vankatesan [1] used a 
Markov Decision Process model to make replacement 
decisions for a single-product single-equipment system 
whose deterioration was modeled as a finite-state 
Markov process.  Inventory decisions were based on a 
given demand distribution and were performed 
independent of the replacement time.  For example, 
Chang et al. [2] presented a stochastic inventory model 
to determine the ordering quantity and reordering point 
for spare parts.  The demand distribution of the spare 
parts was assumed to be normal.  In this class of 
literature, replacement decisions assumed that spare 
parts were readily available, whereas inventory 
decisions did not consider the probability of failures [3, 
4]. 

In the second class of literature, lifetime/reliability 
distributions were used to estimate optimal replacement 
and spare part inventory policies.  In some research 
work, reliability testing was used to derive failure time 

distributions [14, 15], while others utilized actual in-
field performance data through warranty reports of 
failed components [10-13].  Furthermore, the two 
decisions, replacement and inventory ordering, were 
performed sequentially or jointly [6, 7].  For example, 
Aronis et al. [5] determined the parameter of an (S, S-1) 
inventory policy for spare parts of electronic equipment 
assuming that the demand for spare parts is generated 
both from random failures and regular scheduled 
preventive maintenance.  Armstrong and Atkins [8] 
considered age replacement and inventory ordering 
policies for a simple system with only one component 
subject to random failure.  The authors later extended 
their model to incorporate variable lead time rather than 
assuming constant ordering lead time [9].  Although 
relatively effective, these models never captured the 
unit-to-unit variability of the degradation processes that 
occurred, even among identical components operating 
under similar environmental conditions.  The lack of 
incorporating degradation characteristics of individual 
components and/or systems compromises the accuracy 
of predicting failures and thus, the fidelity of the 
decision models.  

Degradation processes are typically accompanied 
by specific physical phenomena that evolve over time, 
such as increased vibration, temperature changes, 
increased crack propagation, among others.  Many of 
these operating components exhibit characteristic 
patterns in their sensory signals known as degradation 
signals [16].  These signals evolve with respect to the 
component’s degradation state [17].  If properly 
modeled, degradation signals can be used to predict a 
component’s remaining life [18-22].  In degradation 
modeling, failure is defined by a degradation signal 
reaching a predetermined (application-specific) failure 
threshold.  In [18], Lu and Meeker developed a random 
coefficients growth model to estimate the failure time 
distribution based on degradation information from a 
sample of components.   

We note that most degradation modeling research 
efforts focus either on modeling a sample of 
degradation signals and using the results to make 
inferences about the entire population or using 
component-specific degradation signals to its failure 



time.  However, very little work attempts to combine 
the benefits of population-based degradation/reliability 
characteristics with component-specific degradation 
signals obtained during real-time operation.  Gebraeel 
et al. [23] used a random coefficients exponential 
model to predict the remaining life distributions of 
partially degraded components.  The authors used real-
time condition-based degradation signals operating 
components to continuously update their remaining life 
distributions.  

In this work, we develop a sensor-based decision 
model for supporting equipment replacement and spare 
parts inventory decisions using sensory-updated 
residual life distributions.  We utilize the sensor-based 
degradation modeling approach presented by Gebraeel 
et al. [23] to revisit the existing replacement and spare 
parts inventory models. Specifically, we integrate the 
sensory-updated residual life distribution with the 
single-unit age replacement model and the single-unit 
inventory ordering policy presented in [8].  
Consequently, each time we monitor a component, the 
signals are used to update the remaining life distribution 
and, in turn, update any previous replacement and 
inventory decisions.  Finally, we show the effect of 
implementing the proposed decision methodology on 
the performance of a hypothetical manufacturing 
system using a detailed simulation study. 

2. Sensor-Based Degradation Modeling Framework 

This section presents a stochastic degradation 
modeling framework to compute and update the 
remaining life distribution of partially degraded 
components.  Our approach is to model the degradation 
signal as a continuous-time stochastic process 

( ){ }, 0S t t= >S , where ( )S t  denotes the value of the 

degradation signal at time t.  This signal evolves 
according to some functional form that depends on the 
application, and can be linear, exponential, or 
polynomial.  In this paper, we use the exponential 
functional form, typically used in applications where 
cumulative damage significantly affects the rate of the 
degradation.  The degradation signal is modeled as 
follows: 
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where, ( )kS t  is the value of the signal at time kt , 

φ  is a constant deterministic parameter, θ  and β  are 

random variables, and ( )ktε  is the error term assumed 

to follow a Brownian motion process.  For this 
exponential model, it is easier to work with the logged 
value of the degradation signal denoted by ( )kL t ,  
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The parameters ( )' lnθ θ=  and 
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assumed to follow a independent normal prior 
distributions ( )'π θ  and ( )'π β  with means ( )'

1,oµ µ  and 

variances ( )2 2
1,oσ σ , respectively.  Note that 

2
'
1 1 2
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where 1µ  is the mean of the random variableβ .   These 

parameters are estimated using a database of 
degradation data and failure times acquired from 
reliability testing of testing a sample of components.  A 
Bayesian technique is then used to update these 
parameters using observed real-time sensory signals.  
The posterior distribution, ( ) ( )( )1', ' | ,...., kL t L tγ θ β , is 

found to be bivariate normal with the following 
parameters [23]: 
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where, iL  is the difference between the logged 

values of the signals at times it and 1it − , 

( ) ( )1i i iL L t L t −= − , for i = 1, 2, 3, . . . 

We note that the posterior parameters are only 
functions of the observed degradation signals and the 
prior parameters.  At each updating epoch, an additional 
signal is observed and the posterior distribution of the 
stochastic parameters is updated.  This updated 
distribution is used to revise the residual life 
distribution (RLD), as follows.   
Given an observed partial degradation 
signal ( ) ( )1 ,...., kL t L t , we define the random variable 

( )kL t t+  as the logged value of the degradation signal 

after t time units.  The mean and variance of the random 
variable ( )kL t t+  are given as [23]: 
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The RLD is evaluated by computing the 
distribution of the time until the degradation signals 
reaches the failure threshold V.  Let T be a random 
variable that denotes the remaining life of a partially 
degraded component given that we have observed 

( ) ( )1 ,...., kL t L t .  Therefore, T satisfies ( ) ( )lnkL T t D+ =  

and its distribution is given by, 
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where ( )Φ ⋅  is the cdf of a standardized Normal 

random variable Z. 

3. Sensor-Based Decision Policy for Equipment 
Replacement and Spare Part Inventory 

We start by reviewing traditional age replacement 
and inventory models presented by Armstrong and 
Atkins [8].  The authors consider a single-unit system 
with room to store only one spare part.  The component 
is subject to random failure with a failure time density 
function ( )f t .  When the component fails, the system 

incurs a failure cost (cost of corrective maintenance, 
labor, lost production, etc).  In the event that the 
component is replaced according to a planned schedule, 
the system incurs a planned replacement cost (regular 
cost of preventive maintenance, labor, and cost of the 
part itself), which is typically less than the failure cost.  
Whether planned or failure replacements occur, it is 
necessary to have a spare part available in stock in 
order to perform the replacement action.  The system 
incurs a holding cost per unit time to store.  If the spare 
part is unavailable at the required replacement time, the 
system incurs a shortage cost per unit time.  The 
objective is to determine the optimal planned 
replacement time, *rt , and the optimal spare part 

ordering time, *
ot , such that the total cost rate of the 

system is minimized.  The ordering lead time,L , is 
assumed to be fixed.  When the component is replaced, 
the system is restored to its initial, as good as new, 
condition.  Planned and unplanned replacements are 
considered to be regeneration points of the system, thus 
the objective is to minimize the system’s expected cost 
per unit time for each cycle defined by two successive 
replacements. 

Given the failure time distribution of a component, 
the objective of the replacement model is to find the 
optimum planned replacement time *

rt  that minimizes 

the expected long-run average replacement cost per 
cycle: 
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where rC  is the expected long-run replacement 

cost, pc  is the planned replacement cost, fc  is the 

failure replacement cost, and ( ) ( )1F t F t= − , where 

( )F t  s the cdf of the component’s failure time.   

The computed optimal replacement time, *
rt , is 

then used to decide when to order the spare part.  Due 
to the assumption of single unit storage capacity, the 
order quantity is always equal to unity.  The optimal 
ordering time, *

ot , is the one that minimizes the long-run 

average inventory cost per cycle expressed as: 
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where oC  is the expected long-run ordering cost, 

hk  is the holding cost per unit time, sk  is the shortage 

cost per unit time, and L  is the fixed lead time elapsed 
from the moment of placing the order up till order 
receipt.   

(a) Proposed Sensor-Based Decision Policy 
Our approach is to replace the fixed lifetime 

distributions used in equations (11-12) with sensory-
updated remaining life distributions that dynamically 
evolve according to the degradation states of the 
individual components.  This enables the updating of 
replacement and inventory decisions based on the most 
recent degradation states of the components or systems 
being monitored.   

Each time, kt , a signal is acquired, the RLD of the 

degraded component is updated.  The updated 
distribution is then used to compute/revise the optimal 
replacement and spare part ordering times.  The long-
run average replacement and inventory costs can now 
be expressed in terms of the updated remaining life 
distribution as follows: 
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where r
kC  and r

oC  are the replacement and 

inventory ordering cost rates per cycle, respectively, at 



updating time kt .  ( )kF t  is the updated cdf of the 

residual life at the updating time kt ,  r
kt  and r

ot  are the 

replacement and inventory ordering times, respectively, 
at the given updating epoch.  We use the Renewal 
theory as a heuristic to approximate the replacement 
and inventory decisions.  However, a more accurate 
approach would be to consider a finite time horizon and 
develop replacement and inventory decision models 
given that finite horizon.  

In [24], the author evaluated the accuracy of failure 
predictions using the exponential degradation model 
and showed that the average prediction error was 
around 8% compared to an average of 22% when 
compared to a conventional degradation model without 
the sensory updating methodology.  We claim that the 
improved failure predictability obtained by using 
sensory-updated degradation models results in better 
decision making 

 
4. Case Study 

In this section we evaluate the performance of the 
proposed sensor-based decision methodology using a 
simulated manufacturing system.  

 Figure 1 shows the series/parallel configuration of 
the system used in this study.  Failure of either of the 
three series work cells results in system failure.  Note 
that in order for work cells A or C to fail, both 
workstations in the work cells must fail due to 
redundancy.   

Pre-processed parts are assumed to arrive at work 
cell A in accordance to Poisson with mean 4 
parts/minute.  Upon arrival, the part is processed on 
either workstations 1 or 2, whichever is free.  Next, it 
enters workstation 3, after which it finally gets 
processed on either workstations 4 or 5.  Upon 
completion, the part goes to the shipping department for 
packaging and shipping.  Processing times on the 
workstations in work cells A, C are assumed to follow 
triangular distributions with parameters (4.25, 4.75, and 
5.25 minutes), while those in work cell B are assumed 
to follow a triangular distribution with parameters 
(2.25, 2.75, and 3.00 minutes). 

The manufacturing system becomes unavailable if 
a random system failure occurs or a planned system 
replacement is performed.  Downtime resulting from a 
system failure is assumed to be random and follows a 
normal distribution with mean 300 minutes and 
variance 30 minutes.  Downtime resulting from a 
planned replacement routine is assumed to be random 
and follow a Normal distribution with mean 30 minutes 
and variance 5 minutes.  The downtime resulting from 
an unplanned system failure is assumed to be greater 
since the demand for replacement parts and 
maintenance personnel is unexpected.  Furthermore, we 
assume that each workstation degrades gradually until it 
fails.  Degradation of the workstations is represented by 
the evolution of the vibration signals from monitoring 
the bearings. 

In this study, maintenance decisions are performed 
based on the condition of the entire manufacturing 
system.  In other words, given the optimal replacement 
and ordering times of each workstation, a single 
planned maintenance routine is scheduled for the entire 
manufacturing system.  Similarly, failure of one of the 
work cells results in an unexpected failure of the entire 
system, at which time the entire system would be shut 
down for maintenance.  

(a) Traditional Maintenance Policy: Workstations 
are assumed to be subject to random failures having 
Weibull distributed failure times with scale parameter 

3.0549β =  and shape parameter 784.75θ = .  These 
parameters were evaluated using the degradation 
database of failure times obtained from testing an initial 
sample of components.  We can now compute the CDF 
of each workstation’s failure time using the following 
expression: 

( / )( ) 1 tF t e
βθ−= −   (15) 

(a) Traditional Maintenance Policy: Workstations 
are assumed to be subject to random failures having 
Weibull distributed failure times with scale parameter 

3.0549β =  and shape parameter 784.75θ = . The CDF 
is then used to compute optimal system replacement 
and spare parts ordering times using equations (11-12), 
and the decision policies are implemented. 

 

 

 

 

 

 

Figure 1 Series/Parallel Configuration of the Simulated Manufacturing System 
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(b) Sensor-Based  Maintenance Policy: The 
underlying assumption for this decision policy is that a 
condition monitoring system is used to acquire data 
every 2 minutes.   

First, a database of degradation signals from 
monitoring the vibration of 25 rolling elements bearings 
was used to estimate the parameters of the prior 
distributions ( )'π θ  and ( )'π β .  Although these 

degradation signals are associated with individual 
bearings, for the purpose of this research they were 
used to simulate the degradation of the entire 
workstations.  An experimental setup was utilized for 
this purpose.  Vibration monitoring accelerometers 
were mounted on rolling elements bearings subjected to 
constant load (200 lbs) and constant rotational speed 
(2200 rpm) to capture the evolution of the vibration 
signals.  The computed values of these parameters are: 
µo= -6.031,  µ’ 1= 0.00806, σ2

o= 0.3464,  and σ2
1= 

1.0347  510−× .   

As we monitor the manufacturing system 
during operation, we use the observed signal from each 
workstation to update these parameters and revise the 
RLDs.  The updated RLDs are then used to compute 
and dynamically update optimal replacement and 
inventory ordering times for the system.  This updating 

process continues until a stopping rule is satisfied, after 
which we stop updating and implement the most 
recently updated decision policies.  The stopping rule 
we used is to stop updating oncesystem system

r ot t L≤ + .  In 

this expression, { } { }{ }1 2 3 4 5min max , , ,max ,system
r r r r r rt t t t t t= , 

where j
rt is the computed optimal replacement time of 

workstation j, j = 1,..,5.  The system replacement time 
is then used to compute the system ordering time, 

system
ot .This stopping rule attempts to eliminate spare part 

holding time and ensure just-in-time spare part delivery. 

Arena simulation was used to simulate the 
continuous operation of the manufacturing system.  
Each simulation consists of five runs, each running for 
365-days.  Separate runs were performed for each 
decision policy.  We assumed the following data: L = 
20 minutes, cf = $400, cp = $30, kh = $0.10/minute, ks = 
$10/minute.  Workstation utilization and throughput 
were used to measure the performance of each 
maintenance policy.  Table 1 summarizes the results of 
the simulation study.  The results show that the Sensor-
based policy’s average utilization was 1.87% higher 
than the Traditional policy.  Furthermore, the Sensor-
based policy’s average throughput was 6.13% higher 
than the Traditional policy.   

Table 1 Simulation Study Results Summary 

No. of Failure Replacements Nf No. of Planned Replacements Np Policy Utilization Throughput 
Mean St’d Deviation Mean St’d Deviation 

Traditional 0.8624 158,703 72.3 31.23 1590.3 52.70 
Sensor-Based 0.8785 168,437 48.3 11.27 1333.7 74.91 

 
We also note that The Sensor-based policy resulted 

in a lower number of failure replacements and planned 
replacements.  The Sensor-based policy’s average 
number of failure replacements was 33.18% lower than 
the Traditional policy, and its average number of 
planned replacements was 16.14% lower.  It is 
interesting to note that the Sensor-based policy resulted 
in a lower standard deviation for the number of failure 
replacements, but higher standard deviation for the 
number of failure replacements.   

The total maintenance costs was also used to 
measure the performance of each policy, where the total 
maintenance costs are the sum of total inventory and 
total replacement costs, with total replacement costs 
computed using: 

Total Replacement Costs = f f p pN c N c+   (16) 

Figure 2 shows average inventory cost, replacement 
cost, and total cost for each decision policy.  The 
Sensor-based policy’s total maintenance cost was 
19.88% lower than the Traditional policy.   

 
Figure 2 Costs Associated with Each Decision 

Policy 

5. Conclusions 

The main significance of this research is integrating 
low-level sensory data with upper-level decision 
models, which results in improving the decision-
making process.  We propose a sensor-based decision-
making methodology for equipment replacement and 



spare part ordering decisions.  This is achieved by 
integrating sensory-updated RLDs from a sensor-based 
degradation modeling framework with existing 
reliability-based decision models.   

The simulation case study presented shows the 
impact of implementing sensor-based decision policies 
on reducing replacement and inventory costs and 
increasing the average throughput and utilization of a 
simulated manufacturing system using ARENA.  
Further investigation is needed to determine exact 
single-unit replacement and inventory ordering policies 
for when deploying the sensor-based methodology.  
Moreover, the effect of cost ratios, product variety and 
routing, as well as the effect of different failure modes 
need to be studied. 
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