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Abstract: The rapid advancements in science and technology aggravate the need for the 

optimal design of modern systems, aiming to achieve the maximum system reliability 

while meeting some resource constraints (e.g., cost, weight, etc). In this paper, we 

consider the system reliability optimization for series-parallel systems subject to common-

cause failures (CCF). Unlike traditional approaches that consider either cold or hot 

standby redundancy for a parallel subsystem, our approach considers a combination of 

cold and hot standby redundancy within one subsystem to achieve a balance between fast 

recovery and power conservation in the optimal system design. A new problem 

formulation to incorporate CCF is proposed. For problem formulation, an analytical 

method combined with an existing combinatorial method is proposed to generate the 

objective function that evaluates the reliability of a subsystem with both hot and cold 

standby units and subject to CCF. The method has no limitation on the type of time-to-

failure distributions for the system components. An optimization solution methodology 

based on genetic algorithm is presented for obtaining an optimal design configuration with 

maximum system reliability while satisfying some system-level cost constraint. The 

proposed methodology is tested on several example data sets and the corresponding 

reliability optimization results are presented.  

 

Keywords: Cold standby, common cause failure (CCF), hot standby, redundancy 

allocation problem (RAP), reliability optimization. 

 

1.   Introduction 

     With advances in science and technology, the complexity in system design grows with 

the increased sophistication in system functionality. Such complexity results in an 

increasing need for reliable system design to guarantee durability and reliability of the 

system. The reliability of a system can be improved either by using more reliable 

components or by employing standby sparing techniques [1]. But either way renders an 

increased system cost. In reality, however the available system resources (e.g., budget, 

space) are limited. Thus, modern industries are facing the challenge to enhance the 

product reliability while keeping the system cost or weight under some threshold value, 

i.e., the system reliability optimization problem [2, 3, 4]. Among the various forms of 

reliability optimization problems, redundancy allocation has been proved to be an NP hard 

problem [5, 6]. In the redundancy allocation problem (RAP), component selection and 

redundancy levels are considered to be decision variables that can meet all the system-

level constraints to optimize certain objective function of the system. Most of existing 

approaches to solving RAP were pertained to series-parallel systems with either cold or 

hot standby redundancy for each parallel subsystem. In the cold standby redundancy 

technique, a standby unit is initially unpowered and is switched into the power mode only 

after it is used to replace the failed on-line component; while in the hot standby 
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redundancy technique, a standby unit operates in synchrony with the primary operating 

component and provides immediate replacement once the online component fails.  

Optimization methods like Lagrangean multipliers [7], integer programming [8], and 

dynamic programming have been proposed for the RAP of series-parallel systems with 

hot standby redundancy and homogeneous backup scheme where one type of components 

can be substituted only by the same type of components to achieve fault tolerance. Later 

on [9, 10, 11, 12] proposed to use meta heuristic optimization methods like genetic 

algorithm, ant colony optimization algorithm, the improved surrogate constraint method, 

and Tabu search to solve the RAP of series-parallel systems with hot standby redundancy, 

but adapted heterogeneous backup scheme where one type of components can be 

substituted with a different type of functionally equivalent components to achieve fault 

tolerance. In [13] a solution methodology based on integer programming was proposed to 

determine optimal design configuration for non-repairable series-parallel systems with 

cold standby redundancy. In [14, 15, 16] a solution methodology was proposed for solving 

the RAP of heterogeneous series-parallel systems where parallel subsystems exclusively 

involve either hot or cold standby redundancy. None of the above mentioned approaches 

consider the combination of hot and cold standby redundancy techniques within the same 

parallel subsystem though such combination can achieve a balance between fast recovery 

and power conservation and thus useful for the practical optimal system design. 

Therefore, in this paper we consider the RAP for heterogeneous series-parallel systems 

considering the mix of hot and cold standby redundancy. The proposed methodology has 

no limitation on the type of time-to-failure distributions for the system components. In 

addition, common-cause failures (CCF) are considered in the proposed solution approach.   

Considerable research efforts have been expended in incorporating CCF into the 

system reliability optimization process. For example, [17] analyzed the risk profile of 

systems dominated by CCF in the redundant system design. References [18, 19] described 

the problem of determining the optimal number of redundant units in k-out-of-n 

subsystems with CCF. The mean cost rate is obtained, and the number of redundant units 

minimizing the mean cost rate is shown to be finite and unique. Reference [20] formulated 

the RAP of series-parallel systems with the objective to maximize system reliability 

considering CCF and hot standby redundancy. CCF is attributed for every combination of 

different components that are present in the system design. With this assumption, the 

number of common cause events increase exponentially with the number of available 

component choices. Later, [21] employed universal generating function (UGF) to evaluate 

the reliability of multi-state systems with CCF and used genetic algorithm to solve the 

optimal model. In [21], it is assumed that the CCF events occur and fail components of the 

same type when the load on those components exceeds a certain limit. Different from 

previous approaches where CCF attacked multiple components based on their types or 

choices in the system design, in this work we assume/propose that the CCF attack specific 

positions in a parallel subsystem and cause simultaneous failures of multiple components 

of the same or different types chosen in those specific positions during the optimization 

process. In our approach, the failure of a component of some type due to a common cause 

does not necessarily fail other components of the same type. 

In summary, in this paper we consider the system reliability optimization of series-

parallel systems subject to CCF. Unlike traditional approaches that consider either cold or 

hot standby redundancy within a parallel subsystem, our approach considers a 

combination of cold and hot standby redundancy within one subsystem to achieve a 

balance between fast recovery and power conservation in the optimal system design. For 

problem formulation, an analytical method combined with an existing combinatorial 

method is proposed to generate the objective function that evaluates the reliability of a 
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subsystem with both hot and cold standby units and subject to CCF. A solution 

methodology based on genetic algorithm is presented to obtain an optimal design 

configuration that has maximum system reliability while satisfying some system-level 

cost constraint.   

The remainder of the paper is organized as follows. Section 2 presents the problem 

formulation for the RAP of series-parallel systems subject to CCF. Section 3 presents the 

proposed analytical method for the reliability analysis of a parallel subsystem designed 

with both hot and cold redundancies and subject to CCF. Section 4 presents a solution 

methodology based on genetic algorithm with an example illustration. Section 5 presents 

analysis results on several example data sets. Section 6 presents conclusions as well as 

directions for our future work. 

Notation 

s    number of subsystems 

hi, ci number of available hot, cold standby versions for subsystem i 

j, l index of hot, cold unit choice used in a subsystem,  j∈{1,..hi}, l∈{1,..ci}  

mi number of common-causes that affect subsystem i 

chij , ccil cost of jth, lth version hot , cold standby unit used in subsystem i 

nhi, nci  hot, cold standby redundancy level in subsystem i 

ni total number of components in subsystem i, ni = nhi+nci 

hpik , cpik hot, cold standby unit in position k for the given hot, cold failure sequence of 

subsystem i ; hpik ∈  {1,2,...,hi}, cpik ∈  {1,2,...,ci} 

xij, yil   number of jth, lth version hot , cold standby units used in subsystem i 

V solution vector for a series-parallel system 

Q(t)      system unreliability 

C   system-level cost constraint 

fhij(t), fcil(t)   pdf of r.v. representing the time-to-failure of  jth, lth version hot, cold standby 

unit of subsystem i, respectively 

λhij, λcil   failure rate of jth, lth  version hot, cold standby unit of subsystem i 

CCij jth common cause that affects subsystem i, j ∈  {1,2,...,mi} 

PCCij occurrence probability of CCij  

CCEij a common-cause event in subsystem i. 

t mission time 

2.   Problem Formulation 

This section presents the mathematical modeling of the RAP for a system of s- 

independent 1-out-of-n parallel subsystems connected in series and subject to CCF. Each 

subsystem can have different levels of hot and cold standby redundancies, but the total 

number of hot and cold standby units within each subsystem i equals a predetermined 

number ni as shown in Figure 1(a), where nhi+nci=ni. For each 1-out-of-n subsystem, it is 

assumed that initially one primary component is online and operating. As the online 

component fails it is first replaced with one of the available hot standby units. When all 

the hot standby units have failed, the failed online component is then replaced with a cold 

standby unit. A component can fail independently or when it is affected by a CCF event. 

Each subsystem can be affected by any number of predetermined CCF events. We 

assume/propose that each CCF attacks specific positions in a subsystem and CCF of one 

subsystem do not affect other subsystems. Components, which are chosen during the 

optimization process in those specific positions affected by CCF, fail simultaneously. 
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Thus, the system reliability design needs to consider both independent component failures 

and simultaneous failures due to CCF.  

There are multiple choices/types for hot or cold standby units which are functionally 

equivalent for each subsystem. Each choice has a different level of cost and reliability. 

And it is assumed that there is an unlimited supply of each choice of components. Also, it 

is assumed that the series-parallel system has perfect fault detection and switching 

functions. The objective is to select hot and cold standby redundancy levels within the 

subsystem and components from available discrete component choices to minimize the 

overall system unreliability while meeting the system-level constraint on cost. The 

objective function is modeled as a non-linear integer function and the cost constraint as a 

linear inequality function, as shown respectively in (1) and (2): 

                          Minimize                 Q(t)                                                                    (1) 

                                  s.t.  
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In (1), Q(t) is the system unreliability. In (2), s is the number of subsystems in the system, 

hi and ci are the number of available hot and cold standby versions/types respectively for 

subsystem i,  chij and ccil are respectively the cost of jth version of hot standby units and 

lth type of cold standby units used in subsystem i, xij and yil are respectively the number of 

jth version hot and lth version cold standby units used in subsystem i, and C is the system-

level constraint for cost. The objective function Q(t) depends on the component selection 

and redundancy levels of hot and cold standby redundancies. It is evaluated using an 

analytical and combinatorial method as presented in the next section.  
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(a) Block Diagram (b) Dynamic Fault Tree 

Figure 1: General Model for a Parallel Subsystem.  

3.   System Reliability Analysis  

Figure 1(b) shows the dynamic fault tree model of a general parallel subsystem design 

considered in this paper. The cold and hot standby redundancies are modeled using CSP 

and HSP gates, respectively.  The cold and hot standby redundancy levels are represented 

by nci and nhi, respectively. The subsystem-i fails when all the hot and cold standby units 

have failed. It is assumed that each subsystem has at least one hot unit (i.e., nhi ≥ 1) and 

can have zero or more cold standby units (i.e., nci ≥ 0). This assumption implies four 

different redundancy modes for a subsystem as described in Table 1.  

Next we present a combinatorial and analytical approach to evaluate the dynamic fault 

tree of Figure 1(b) while considering CCF. In particular, the Efficient Decomposition and 

Aggregation (EDA) [22] approach is employed to incorporate the effects of CCF into the 
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system reliability analysis. The sequence dependent behavior caused by the cold standby 

redundancy is addressed using a similar analytical approach of [23] that is based on 

applied probability. The proposed approach has no limitation on the type of time-to-

failure distributions for the system component. 

Table 1: Redundancy Modes 

 

 

 

 

 

3.1. Efficient Decomposition and Aggregation Method for Modeling CCF 

The EDA approach proposed in [22] is employed to incorporate the effects of CCF into 

the subsystem reliability analysis. It can be described as the following process: 

1) Construct a common cause event (CCE) space. Each CCE is a disjoint combination of 

occurrence or non-occurrence of mi common-causes (CCij, j∈{1,2,3......mi} that affect 

subsystem-i.  

2) For each CCE, identify the common cause group (CCG), which is a set of positions 

affected by the CCE. Here, the CCE simultaneously fail those components that are 

chosen during the optimization process in the specific positions affected by the CCE.  

3) For each CCE, a reduced subsystem is generated by removing positions affected by 

the CCE from the original subsystem structure. Consequently, the components 

present in those positions are removed from the original fault tree model to generate a 

reduced subsystem fault tree model. 

4) The unreliability of the reduced subsystem fault tree model (i.e., Pr[subsystem-i fails 

at t│CCEij]) is evaluated using an analytical method discussed in Section 3.2.  

5) To obtain the unreliability of subsystem i ∈  {1, 2, 3, ..., s}, results of all the reduced 

subsystems are aggregated using total probability theorem as in (3):  

               Qsubsystem-i (t) = ∑
=

im

j

2

1

Pr[subsystem-i fails at t│CCEij]*Pr[CCEij]                 (3) 

Finally, the objective function Q(t) in (1), i.e., the unreliability of the overall series-

parallel system that consists of s-independent 1-out-of-n parallel subsystems connected in 

series is given by (4). Note that because all the subsystems are s-independent, the 

evaluation of them can be performed in parallel given available computing resources. 
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3.2. Analytical Method for Reduced Subsystem Reliability Evaluation  

Assume the reduced subsystem-i to be evaluated consists of nhi hot units and nci cold 

standby units. The proposed analytical method for the reliability evaluation of such 

subsystem with both cold and hot standby units is described in the following steps. 

1) Enumerate all possible failure sequences of hot components (nhi!). Each possible 

failure sequence of hot units can be analyzed using 

nhi nci Redundancy Mode  

 = 1 = 0 No redundancy 

> 1 = 0 Hot redundancy 

= 1 ≥ 1      Cold redundancy 

>1 ≥ 1      Mixed hot and cold redundancy 
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, where   ∈  {1, 2, 3, ..., hi}. 

2) There is only one failure sequence for cold units. All those cold units fail in sequence 

only after the last hot unit in sequence has failed. The equation below represents the 

occurrence probability of a general sequence dependent failure of nci = ni - nhi cold 

units after all nhi hot units have failed, where  ∈  {1, 2, 3, ..., ci}.  
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3) Combine each sequence of hot units generated in Step 1 with the sequence of nci cold 

units generated in Step 2. There are (nhi)! combined sequences. The occurrence 

probability of each combined sequence (Qccz(t), z ∈{1, 2, ..., nhi!}) can be evaluated 

using (5).   
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(5) 

4)   The summation of all Qccz(t) evaluated in Step 3 gives the unreliability of the reduced 

subsystem-i, as shown in (6). 
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4. Optimization using Genetic Algorithm (GA) 

GA are stochastic search processes, which work well on mixed (continuous and discrete) 

combinatorial problems [24, 25, 26]. RAP is considered as a combinatorial optimization 

problem because the values of decision variables are restricted to integers and the problem 

is to find the best optimal solution from the well-defined discrete problem space. This 

section describes an implementation of GA to obtain an optimal design configuration for 

the problem formulated in Section 2 with the illustration of an example, where s=2, 

n1=n2=4, h1=h2=7, and c1=c2=7. 

Solution Encoding (Genetic Representation): Each solution encoding represents a 

complete solution to the problem. In the RAP formulated in Section 2, the solution is 

encoded with integers as detailed below:   
1) Randomly select an integer value between 1 and ni for nhi. Then, nci = ni - nhi. For the 

example, nh1 = 2, nc1 = 2; nh2 = 1, nc2 = 3.  

2) Select nhi indices of components from the set of hi available versions of active 

components and store them in a vector vhi in the order of selection. Similarly, select nci 

indices of components from the set of ci available versions of cold standby components 

and store them in a vector vci in the order of selection. The hi and ci components are 

indexed with the descending order of their reliability. For the example, vh1 = [3 4], vc1 = 

[1 2]; vh2 = [7], vc2 = [3 2 6]. 

3) Final solution encoding for the entire system is a vector with ∑ =
+

s

i in
1

)2(  elements, 

including  vhi, vci, nhi, and nci in sequence, shown as V= [vh1 vc1 nh1 nc1 vh2 vc2 nh2 nc2 ..... 
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vhs vcs nhs  ncs]. For the example, V = [3 4 1 2 2 2 7 3 2 6 1 3]. This solution vector V 

indicates that the subsystem-1 has two hot standby units of types 3 and 4, respectively and 

two cold standby units of types 1 and 2, respectively. Similarly, subsystem-2 can be 

interpreted as having one hot standby unit of type 7 and three cold standby units of types 

3, 2 and 6, respectively. 

Initial Population: is a random generation of p solutions to the problem. For the example, 

p = 20 feasible solutions are considered as the initial population. A solution is considered 

feasible for the example system when it satisfies the cost constraint given in (2). 

Fitness Function: is the objective function of the stated problem used to evaluate the 

fitness values of the individual solutions. Based on the fitness values, the potential 

individuals for crossover or mutation operations are selected to produce children for the 

next generation. In our implementation, all infeasible solutions that are generated during 

the crossover and mutation operations are discarded. Only new feasible solutions are used.   

Specifically, in the example because the two parallel subsystems are s-independent, the 

unreliability of each subsystem with CCF can be evaluated separately. Next we illustrate 

the evaluation of a series-parallel system with two subsystems in the example using the 

method of Section 3. In this example, each subsystem contains four components in 

parallel (n1=n2=4). Assume that the subsystem-1 is affected by two independent common 

causes (m1=2): CC11 and CC12.  CC11 fails components in positions 1 and 3, and CC12 fails 

components in positions 2 and 4 within the subsystem-1. The occurrence probabilities of 

CC11 and CC12 are given as PCC11 and PCC12 respectively. Similarly, subsystem-2 is 

affected by two independent common causes (m2=2): CC21 and CC22. CC21 fails 

components in positions 1, 2, and 3, and CC22 fails components in positions 2 and 4 within 

the subsystem-2. The occurrence probabilities of CC21 and CC22 are given as PCC21 and 

PCC22 respectively. Consider the vector [3 4 1 2 2 2 7 3 2 6 1 3] to be the present solution 

design configuration for the two subsystems during optimization process. Using the 

method of Section 3.1, the unreliability of subsystem-1 ([3 4 1 2 2 2 ]) can be obtained as 

follows. 

Steps 1-3: Construct the CCE space for subsystem-1 that consists of four CCE, 

generate CCG and reduced system model for each CCE as shown in Table 2. 

Table 2: CCE Space and Reduced Models of Subsystem-1. 

ΩCCE Definition Pr[CCE1j] CCG1j Reduced subsystem-1 

solution vector 

CCE11 
1211 CCCC ∩  (1-PCC11)(1-PCC12) CCG11 = Φ  [3 4 1 2 2 2] 

CCE12 
1211 CCCC ∩  (PCC11)(1-PCC12) CCG12 = {1,3} [4 2 1 1] 

CCE13 
1211 CCCC ∩  (1-PCC11)( PCC12) CCG13 = {2,4} [3 1 1 1] 

CCE14 
1211 CCCC ∩   (PCC11)( PCC12) CCG14 = {1,2,3,4} [] 

 

Step 4: Solve each reduced subsystem-1 model. In this example, Pr{subsystem-1 fails 

at t|CCE14} is simply 1 because all positions of the parallel subsystem are affected. For the 

other three reduced problems, i.e., Pr{subsystem-1 fails at t|CCE1j} (j = 1, 2, 3), the 

method presented in Section 3.2 is used to evaluate them. Here, we illustrate the method 

using the evaluation of Pr[subsystem-1 fails at t|CCE11]. The solution vector for this 

problem is [3 4 1 2 2 2]. 

1)  Enumerate different orders in which the hot components fail: [3 4; 4 3]. 

2) Generate combined sequences by incorporating the failure sequences of cold 

standby components: [3 4 1 2; 4 3 1 2]. 
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3) Evaluate the occurrence probability of each combined sequence Qccz(t) generated 

in Step 2 using (5). 
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In the case of exponential distributions, we substitute the pdf f(t) with te .λλ −

 in 

the above equations. 

4) The reduced subsystem unreliability is the sum of all evaluated Qccz(t)  in Step 3:  
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Step 5. According to (3), the unreliability of subsystem-1 considering CCF is 

calculated as: 

Qsubsystem-1 (t)= ∑
=

4

1j

Pr[subsystem-1 fails at t│CCE1j]*Pr[CCE1j]                 (8) 

Similarly, we evaluate the unreliability of subsystem-2 in the example. The solution 

vector for this problem is [7 3 2 6 1 3]. The final unreliability equation for subsystem-2 is: 

Qsubsystem-2 (t) =  
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Finally, according to (4), the objective function Q(t) for the example system with two 

subsystems is: 

∏
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Genetic Operators: There are two types of operations: 

Crossover operator: is used to get genetic material from the previous generation to the 

subsequent generation. Parents are selected for crossover operation using roulette 

selection method. Then single point crossover between those two parents across the same 

subsystem is done separately and then combined to produce children based on the 

crossover probability of 0.7. Consider two parents for a subsystem, P1 = [3 4 1 2 2 2] and 

P2 = [3 4 1 2 1 3]. For a single point crossover, we choose a random point from a range of 

1 to 4, say 3. Then, one of the children = [3 4 1 2 1 3]. 

Mutation operator: ensures that the individuals are not exactly the same. We assume 

the probability of mutation rate to be 0.1. In our analysis, for the mutation process, two 

random points or positions between 1 to ni are selected for each subsystem of a parent and 
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then the two components of those subsystems that exist in those respective selected 

positions are swapped. Consider a parent solution with two subsystems, say P1 = [3 4 1 2 

2 2 3 4 1 2 1 3]. The two random points or positions for subsystem-1 are 1, 3 and for 

subsystem-2 are 2, 4. Then the mutated child = [1 4 3 2 2 2 3 2 1 4 1 3].  

5. Analysis Results and Discussions 

The proposed method was implemented on several example data sets as shown in Tables 

3-7. Five trails for each type of data set were performed for 100 generations and the best 

value among those trials is chosen as the final optimal solution. Unreliability evaluation 

for all the example data sets are evaluated for mission time t = 1000hrs. Table 3 presents 

the input parameters of three types of parallel systems: a system with only hot standby 

redundancy, a system with only cold standby redundancy, and a system with both hot and 

cold standby redundancies. Table 4 gives the analysis results. It can be observed that the 

unreliability of the system design with both hot and cold standby redundancy is less than 

those of systems designed with exclusively hot or cold standby redundancy for meeting 

the same system cost constraint. Note that the optimal solution of system 2 that has four 

cold components of type-1 actually indicates a design with one primary component and 

three cold standby units.   

Table 3: System Description 

System-

i 

Failure rates of available 

active component choices 

[1 2 ... hi], hi = 7 

Failure rates of available cold 

component choices in power 

mode [1 2 ... ci], ci = 7 

Cost distribution for available 

active and cold components 

[1 2....hi 1 2.....ci] 

1 [0.0001 0.0002   0.0003 

0.0004 0.0085 0.0095 0.0098] 

- [ 30 30 30 30 30 30 30 0 0 0 

0 0 0 0]  

2 - [0.0003 0.005 0.006 0.007 0.09 
0.01 0.02] 

[ 0 0 0 0 0 0 0 30 30 30 30 30 
30 30] 

3 [0.0001 0.0002   0.0003 

0.0004 0.0085 0.0095 0.0098] 

[0.0003 0.005 0.006 0.007 0.09 

0.01 0.02] 

[ 30 30 30 30 30 30 30 30 30 

30 30 30 30 30] 

Table 4: Analysis Results Comparison for Systems in Table 3 

System-i Cost 

limit C 

Best solution 

 [vh vc nh nc] 

Optimized system 

 Unreliability 

Cost of 

best solution 

1 120 [1 1 1 1 4 0] 8.200963e-05 120 

2 120 [1 1 1 1 0 4] 2.65811e-04 120 

3 120 [1 1 1 1 3 1] 6.272e-05 120 

 

Table 5 presents the example data sets for two systems each having two parallel 

subsystems. Table 6 provides information about CCF that affect the example systems 

described in Table 5. Table 7 shows the optimal design configuration results for the 

example systems in Table 5. It can be observed that the analysis with the consideration of 

CCF delivers optimal design results that involve the mixing of different versions of 

components and different types of redundancies. Case-2 of System I and System II share 

the same input failure parameters, cost distribution, and CCF effects, but have different 

system-level cost constraint. Comparing the optimization results for those two cases, it is 

easy to see that loosing the cost constrains facilitates the use of more reliable components, 

leading to more reliable system design. 
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Table 5: Example Data Set for Systems with Two Subsystems 

System i Failure rates of available  

hot standby choices  

[1 2 ... hi], hi = 7 

Failure rates of available 

cold standby choices in 

 power mode 

[1 2 ... ci], ci = 7 

Cost distribution 

[1 2....hi 1 2.....ci] 

C 

1 [0.0001 0.0002 0.0003 0.0004 

0.0085 0.0095 0.0098] 

[0.003 0.005 0.006 0.007 

0.009 0.01 0.02] 

[14 13 12 11 10 9 8 

 7 6 5 4 3 2 1] 

I 

2 [0.001 0.001 0.001 0.001 

0.001 0.001 0.001] 

[0.001 0.001 0.001 0.001 

0.001 0.001 0.001] 

[7 6 5 4 3 2 1  

14 13 12 11 10 9 8] 

40 

1 [0.0001 0.0002   0.0003 

0.0004 0.0085 0.0095 0.0098] 

[0.003 0.005 0.006 0.007 

0.009 0.01 0.02] 

[14 13 12 11 10 9 8  

7 6 5 4 3 2 1] 

II 

2 [0.001 0.001 0.001 0.001 

0.001 0.001 0.001] 

[0.001 0.001 0.001 0.001 

0.001 0.001 0.001] 

[7 6 5 4 3 2 1  

14 13 12 11 10 9 8] 

70 

Table 6: CCF for Example Systems of Table 5 

Affected positions in 

subsystem i by CCij  

System i CCij for 

subsystem i 

Case-1 Case-2 

PCCij 

CC11 {1 ,2} {1 ,2} 0.01 1 

CC12 {2, 4} {3, 4} 0.02 

CC21 {3,4} {3,4} 0.1 

I 

2 

CC22 {2} {2} 0.2 

CC11 - {1 ,3} 0.01 1 

 CC12 - {2, 4} 0.02 

CC21 - {3,4} 0.1 

II 

2 

CC22 - {2} 0.2 

Table 7: Optimal Design Configuration Results with CCF 

System  Best solution 

[vh1 vc1 nh1 nc1 

vh2 vc2 nh2 nc2] 

Optimized 

Unreliability 

Cost of 

best 

solution 

Case -1 [1 6 1 3 1 3 

7 7 7 7 4 0] 

0.16236 40 I 

Case -2 [1 5 5 1 1 3 

7 6 7 6 3 1] 

0.1658 40 

II Case -2 [1 1 1 1 4 0 

7 7 7 7 3 1] 

4.419e-004 67 

6. Conclusions and Future Work 

In this paper, the redundancy allocation problem for series-parallel systems subject to 

CCF has been considered. The objective is to select versions of components and levels of 

hot and cold standby redundancies within the subsystem to minimize the overall system 

unreliability while meeting a predetermined system-level cost constraint. For constructing 

the objective function, an analytical and combinatorial method has been presented for the 

reliability analysis of a parallel subsystem with a mix of hot and cold standby 

redundancies. The proposed approach has no limitation on the type of time-to-failure 

distributions for the system components. Genetic algorithm has been implemented to 

obtain the optimal design configuration. The example analysis results have shown that the 

mixed cold-hot standby redundancy technique can actually offer better reliability than 

techniques with the exclusive use of either hot or cold standby redundancy for systems 

subject to certain system-level constraints. In addition, the mix of hot and cold standby 

redundancy can achieve a balance between fast recovery and power conservation in the 

optimal system design.  
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In the current genetic algorithm implementation, we did not consider dynamic penalty 

factors that can aid in searching along infeasible regions to avoid pre-mature convergence. 

In our future work dynamic penalty factors will be considered in the implementation of 

genetic algorithms. Also, we have assumed binary states for both the system and its 

components. Another direction of our future work is to consider the RAP for multi-state 

series-parallel systems. 
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