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Abstract: This paper presents two approaches for selecting qualified-for-reuse 
components for returned systems. Physical properties and age are used to assess the 
components’ residual lifetimes. Only components in the acceptable state are qualified 
for reuse. For a large number of components to be sorted only the ones whose ages are 
below a certain threshold are evaluated. This age threshold is estimated so that the 
proportion of components in the unacceptable states does not exceed the standard 
significance level. The proposed approach has been applied to the end of life of 
electric-powered wheelchair batteries.  
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1. Introduction 

     A second-hand component returned from service may be suitable for reuse. Components 
with a relatively short time in service may be candidates for sustainable reuse. However, their 
residual lifetimes are strongly related to their usage profile. To estimate the residual lifetime 
of a component, it is important to identify all failure modes and consequence of each of them 
(see [1]). Failure modes are generally classified according to their effects, that is catastrophic 
or degradation (non-catastrophic) [2]. Since there is no sudden stop in the function of a 
degraded component, it can be used for a long time but with a degraded performance. For 
components with a potential catastrophic failure mode, destructive tests are performed to 
estimate their residual lifetime. The failure mechanism and its effect must be the same as those 
that occur in service. The time to failure (obtained from the destructive test) is expected to be 
longer for new components. Marahleh et al. [3] exposed some new and second-hand turbine 
blades to a stress-rupture test (SRT as a destructive test). For each second-hand blade, its 
residual lifetime was related to its time to failure by a linear formula; however, this 
relationship is not necessarily always linear. The main drawback of this estimation method is 
that the second-hand components cannot be reused after the destructive tests. The physical 
properties of a component are divided into usage-dependent and usage-independent properties. 
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A usage-dependent property changes significantly over time in service, whereas a usage-
independent property remains almost constant. For example, LED (light-emitting diode) 
intensity is a usage-dependent property, whereas LED size is usage-independent. Imagine that 
a physical property is measured for every available second-hand component. If there is a 
statistically significant change in their values, the property is usage-dependent. Usage-
dependent properties (instead of time to failure for destructive tests) can be used to estimate 
the residual lifetime. Mazhar et al. [4] estimated residual lifetimes of electric motors of 
washing machines by their speed, temperature and power. Ranganathan et al. [5] carried out 
an accelerated life testing (ALT) on some new journal bearings (as test samples) and measured 
their physical properties after the test. Then they compared the physical properties of second-
hand components and test samples and concluded that journal volume loss is the most suitable 
physical property to estimate residual lifetime.  
     There are some life-stress models [6] that can be used to relate the lifetime of components 
to their stress levels in service. Since stress levels in service are usually random and unknown, 
these models cannot be used to estimate residual lifetime. Mohammadian et al. [7] presented 
an approach to obtain a general degradation model for second-hand components using the 
least squares method. 
     The objective of this paper is to present two approaches for selecting qualified-for-reuse 
components based on their physical properties and ages. A relationship is made between the 
physical properties of each second-hand component and its degradation process. This 
relationship is then used to estimate the component’s residual lifetime. Using a performance-
based approach, the components with acceptable residual lifetimes are qualified for reuse. 
Since the measurement of physical properties is usually impractical for a large set of 
components, an age-based approach is used to select qualified-for-reuse components based on 
their ages. The proportions of qualified-for-reuse components obtained from these approaches 
are compared.  

2. Physical Properties of Degraded Components  

     To estimate the deterioration of a component that is subjected to a degradation failure 
mode, its degradation in service is characterized in terms of its physical properties using the 
following assumptions:  

I) The degradation process is expressed in terms of a single usage-dependent physical 
property, which is called the performance factor P(t) (or simply performance) and 
measured by a performance test. 

II) The performance level at installation is assumed to be the same for every new 
component and to be equal to the nominal performance PN.  

III) Failure happens when the performance reaches the critical performance PC.  
     Each second-hand component i is shown by a point and recognized as a couple of (Ai ,PFi) 
in a time-performance coordinate system where Ai is its age (the time between installation and 
return) and PFi is its performance factor at return. At least some samples of second-hand 
components (as service samples: n=sample size) and a few new components must be 
available. The damage factor D(t) (or damage) of a component at time t is defined as [8,9,10] 
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     Damage is a unit-less factor that is zero for new components at installation (DN=0 
according to (1) and assumption II) and one for failed components at failure time (DC=1 
according to (1) and assumption III). Since the maximum possible level of the performance 
factor is P

N, the minimum possible level of the damage factor is zero. After failure, the 
damage still increases over one if the component is used for a longer time. Each component i 
returned from service is shown by a point and recognized as a couple of (Ai ,DFi) in a time-
damage coordinate system where DFi is its damage factor at return. 
     To clarify the concept of degradation and validate the proposed approaches, a case study 
was done on 12V absorbent glass mat gel (AGM/gel) lead acid batteries used in 24V electric-
powered wheelchairs or EPW (two batteries for each EPW). Battery capacity, which is the 
time (in minutes) required to discharge it from fully charged to fully discharged under a 
constant electrical current, is considered as the battery performance factor. For this 
application, we specified the definition of battery capacity as the time required to discharge 
the battery from 12.7V (not fully charged) to 12.0V (not fully discharged) under a constant 
electrical current, because the majority of EPW batteries are used within this voltage range 
[11]. The second-hand batteries of 12 EPWs (n=12) were collected (7 single batteries denoted 
as EPWB #1 to EPWB #7, and 5 pairs of batteries denoted as EPWB #8 to EPWB #12).  
     To obtain the capacity of each battery, a capacity test was carried out. First, the battery was 
fully charged. Then it was discharged with a constant electrical current of 6 amperes. During 
discharge, the battery voltage was measured at certain time intervals. The time required to 
discharge the battery from 12.7V to 12.0V was calculated and called the battery capacity. For 
a pair of batteries used in the same EPW, their mean capacity was calculated for analysis 
purposes. There were also 2 new batteries available for the capacity test. The nominal capacity 
is identified as the mean capacity of the two new batteries: PN=366 minutes. Table 1 shows 
the age, capacity and damage factor of EPWBs. 

Table 1: Age, capacity and damage factor of EPWB #1 to EPWB #12 (*mean capacity) 

EPWB 
#i  

Age A
i
 

(days)  

Capacity PF
i
 

(minutes)  

Damage 
Factor DF

i 
 
EPWB 

#i  
Age A

i
 

(days)  

Capacity PF
i
 

(minutes)  

Damage 
Factor DF

i 
 

1  371  332  0.464  7  599  287  1.079  

2  470  336  0.410  8  593  279*  1.189  

3  543  324  0.574  9  634  305* 0.840  

4  576  299  0.915  10  585  337*  0.396  

5  573  300  0.902  11  585  316*  0.690  

6  709  280  1.175  12  421  327*  0.533  

     The majority of battery manufacturers consider a battery as failed if its capacity falls below 
80% of the nominal capacity (e.g. [12,13]). Therefore, the critical capacity (critical 
performance) is estimated to be PC=(0.8)PN 

≈ 293 minutes. The second-hand components with 
damage factors less than one are called early-return, otherwise they are called late-return 
components. To obtain the proportion of early-return components for the whole population, 
the damage factors of service samples need to be analyzed statistically by a probability 
distribution. A normality test (here Anderson-Darling test: AD test) must be performed to 
verify whether the damage factor data come from a normal distribution function. The null 
hypothesis in the AD test states that the damage factor data come from a normal distribution 
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function with the standard significance level α=0.05. Since the p-value obtained from the AD 
test is greater than α, the AD test fails to reject the null hypothesis and the damage factor data 
come from a normal distribution function. The cumulative distribution function F(D) or CDF 
at damage level D states the proportion of returned components whose damage factors are less 
than or equal to D: 

( ) ( )
D

F D f z dz

−∞

= ∫  (2) 

     Since the damage factor cannot be less than zero, the normal distribution must be a left-
truncated diagram. Johnson and Thomopoulos [14] presented the probability distribution 
function (PDF) for left truncated diagrams. Therefore, the corresponding CDF function for D 

≥ 0 can be obtained 

* 0
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where the superscript * denotes the left-truncated distribution. Fig. 1 shows the left-truncated 
PDF f

 *(D) of EPW batteries with a mean value of 0.768 using Excel functions. It can be 
concluded that 78.9% of the whole population of EPW batteries (compared with 75% for the 
12 EPWBs under study) are in the operating state (3).  
 

 
Figure 1: Left-truncated normal distribution of damage factors of EPW batteries at return 

3. Estimation of Residual Lifetime 

     The damage diagram of a component in service is usually unknown. In general, the damage 
diagram is different from a component to another because it depends on the component’s 
physical properties and its usage in service. In this paper, the damage diagrams of all 
components are assumed to follow a general model, which is called the damage model [7]: 

( )  for 1, 2, ...,i i it a g D i n= =  (4) 
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where ai and g(Di) are, respectively, called the scale parameter and shape function of the ith 
service sample under study. The damage diagram must pass the origin, i.e.  g(0)=0. Once the 
scale parameter and shape function of a component are identified, its damage factor can be 
estimated at any time between installation and return. The shape function is a representation of 
the physical properties of components. Given today's highly automated manufacturing 
processes and strict quality control, new components are becoming very similar in their 
properties. As a result, g(D) is assumed to be common to all components. The scale parameter 
ai is a representation of usage frequency, because ti is linearly dependent on ai. For example, 
the scale parameter of an EPWB used 4 hours/day in an EPW is expected to be three times 
greater than one used 12 hours/day in another EPW, regardless of other parameters. In other 
words, the time to reach a certain level of damage is three times longer for the first EPWB. 
     To obtain the shape function, a diagram must be fitted to the set of {(Ai ,DFi)| i=1,2,...,n} 
by the least squares method [15]. The shape function of EPWBs is assumed to be a 
polynomial function in the damage model of ti=ai D

b. The best fitted diagram is estimated to 
be t=653 D0.565 (Fig. 2). Therefore, the shape function is obtained as g(D)= D0.565. Considering 
that the damage diagram of any component i passes the point (Ai,DFi), its corresponding scale 
parameter ai is given by  

( )
i

i

i

A
a

g DF
=

 (5) 

 

 
Figure 2: The best fitted diagram to the 12 EPWBs 

     The lifetime of a returned component, is defined as the time between its installation and 
failure. For a second-hand component i, its age Ai is associated with the time of return, but its 
lifetime Li is whenever its damage factor reaches one. The estimated lifetime of an early-
return component is always greater than its age. For example, the failure point of EPWB #10 
(early-return) is extrapolated from the dotted diagram as shown in Fig. 3. Conversely, the 
failure point of EPWB #6 (late return) is interpolated from the solid diagram. According to the 
general form of the damage model (4), the lifetime of a service sample i is given by:  

(1)i iL a g=  (6) 
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     The residual lifetime of an early-return component (RL)i states how much longer it could 
be used in service, and is defined as the difference between its estimated lifetime and age (5), 
(6): 

( ) (1) ( )i i i i i iRL L A a g a g DF= − = −  (7) 

 
Figure 3: Damage diagrams of EPWB #6 and EPWB #10  

4. Sustainable Reuse Approaches 

     The unused proportion (UP)i is the ratio of residual lifetime to the estimated lifetime (7): 
( )

( ) 1i i
i

i i

RL A
UP

L L
= = −

 (8) 

     For example, the unused proportion of EPWB #10 is (UP)10=402/987=0.41. The unused 
proportion can be expressed in terms of the shape function g (5), (6) and (8): 

( )
( ) 1

(1)
i

i

g DF
UP

g
= −

 (9) 

     Therefore, the unused proportion of an early-return component i can be expressed in terms 
of its damage factor at return DFi. Note that the unused proportion of each late-return 
component is considered to be zero, because it has no residual lifetime. The mean unused 
proportion of service samples (MUP)n is defined as  

1

1
( ) ( )

n

n i

i

MUP UP
n

=

= ∑  (10) 

     The mean unused proportion of EPWBs is calculated to be (MUP)n=0.176 or 17.6% (Table 
2 and (10)). To extend the definition of the mean unused proportion to the whole population of 
components, the PDF of damage factors at return (e.g. Fig. 1) is needed. Since the unused 
proportion is only expressed in terms of damage factor at return, the mean unused proportion 
of the whole population MUP can be obtained by (9):  
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1
*

0

( )
[1 ] ( )

(1)

g z
MUP f z dz

g
= −∫  (11) 

Table 2: Lifetime and Unused proportion of the early-returned EPWBs 

EPWB #i  Age A
i
 (days)

  Damage Factor DF
i
  Damage Diagram Lifetime L

i
 (days)

  Unused Proportion 

1  371  0.464  t
1
=572D

0.565  572  0.352  
2  470  0.410  t

2
=778D

0.565
  778  0.396  

3  543  0.574  t
3
=743D

0.565
  743  0.269  

4  576  0.915  t
4
=606D

0.565
  606  0.049  

5  573  0.902  t
5
=608D

0.565
  608  0.057  

9  634  0.840  t
9
=700D

0.565
  700  0.094  

10  585  0.396  t
10

=987D
0.565

  987  0.407  
11  585  0.690  t

11
=722D

0.565
  722  0.189  

12  421  0.533  t
12

=601D
0.565

  601  0.299  
     The MUP of the whole population of EPW batteries is estimated to be MUP=17.5%, which 
is very close to the value obtained for the 12 EPWBs. The mean unused proportion can be 
reduced by reusing (or continuing to use) of early-return components. Let the reuse 
performance PR be the minimum level of the performance factor needed for reuse and PN > P

R 
> P

C or 0 < D
R < 1, where reuse damage DR is the maximum level of the damage factor for 

reuse. Each component i returned from service may be in one of the three states (multi-state 
component): acceptable state (PN 

≥ PFi ≥ P
R or 0 ≤ DFi ≤ D

R ), fair state (PR > PFi > P
C or DR 

< DFi < 1) or failing state (PC ≥ PFi ≥ 0 or 1 ≤ DFi). The performance-based approach (PBA) 
states that only the components in the acceptable state must be selected to be reused.  
     Consider that the EPW batteries are due to be reused in another application (or continue to 
be used in the same EPW) requiring a minimum capacity of PR =320 minutes or DR 

≈ 0.63. As 
shown in Fig. 4, only five EPWBs (almost 42%) are in the acceptable state. For the whole 
population of EPW batteries, Eq. (3) and PDF function of damage factor at return can be used 
to estimate the proportion of components in the acceptable state (by replacing D with DR). For 
EPW batteries, 32% of batteries (compared with 42% for EPWBs) are estimated to be in the 
acceptable state. The advantage of reusing components is to decrease the MUP. To re-estimate 
the MUP after reuse, the unused proportion of reused components must be considered zero. 
For EPWBs, the (MUP)n is re-estimated to be 3.2% (for the four EPWBs in the fair state) 
compared with 17.6% before reuse. To estimate the MUP of the whole population, the damage 
interval in (11) must be changed to [DR,1] (instead of [0,1]). Then the MUP of EPW batteries 
is reduced from 17.5% to 5.4%, which is a considerable decrease. 
     Using the age-based approach (ABA), every component with an age below the maximum 
age MA is selected for reuse; however, MA is not yet known. Since the components are 
selected according to their ages, some of them can have performance factors below the reuse 
performance. The proportion of these components are called the not-qualified proportion and 
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denoted by NP. The main aim of the ABA approach is to estimate the maximum age MA that 
results in a not-qualified proportion NP less than or equal to α=5%. 

 
Figure 4: EPWBs in acceptable, fair and failing states 

     Therefore the maximum age MA must be obtained so that at least 95% of the selected 
components have performance factors above PR. The damage factors of service samples at this 
time is (4)  

1( ) ( )i

i

A
D A g

a

−

=
 (12) 

where g-1 is the inverse function of g. The damage factors of the n service samples at time A: 
D1(A), D2(A),..., Dn(A) might come from a left-truncated distribution function, which is 

denoted by *( )Af D . Mathematically, the not-qualified proportion NP is given by 

*( )
R A

D
NP f z dz

∞

= ∫  (13) 

     Figure 5 shows the left-truncated normal distribution function of damage factors of EPW 
batteries at an arbitrary time A=430 days in which 13% of the components with the age of 430 
days are estimated to have damage factors above DR=0.63. To estimate MA, the trial and error 
method is used. If NP is greater than the standard significance level (as in the case A=430 days 
for EPW batteries: 0.13>0.05), a shorter age A must be selected for the next trial. If NP is less 
than the standard significance level, a longer age A must be selected for the next trial. 
According to our analysis, the maximum age MA is estimated to be 407 days with NP≈0.05. 
     Only one EPWB (8.3%) has an age below MA=407 days. The age of EPWBs come from a 
normal distribution with a mean of 555 days and standard deviation of 93 days (from Table 1). 
According to our calculations, only 5.6% of components are selected using this approach. 
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Figure 5: Not-qualified proportion at A=430 days for EPW batteries 

5. Conclusions 

     There is a direct relationship between the mean unused proportion and the cost of early 
return of components. As a result, the mean unused proportion parameter can be used to 
determine if a reuse strategy is economically viable. For example, if MUP=1%, reuse is not an 
acceptable strategy. If MUP=40%, the reuse of components should be considered. To select 
qualified-for-reuse components, the PBA and ABA approaches are presented. Using the PBA, 
every component selected for reuse has a performance factor over the reuse performance that 
gives the manufacturer confidence in the residual lifetime of all reused components. The 
number of selected components using the PBA is usually higher than with the ABA approach; 
however, the measurement of physical properties of the whole population might be costly and 
time-consuming. Unlike the PBA, the selection of components for reuse using the ABA 
approach is very easy; however, there might be a proportion of selected components whose 
performance factors are below the reuse performance. In addition, there are a proportion of 
non-selected components whose performance factors are higher than the reuse performance. 
Since the presented approaches are based on the degradation process and not a sudden stop, 
the results lack any confidence level calculation. 
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