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Abstract- In response to a recent rise in the number of 

PILC/PICAS joint failures at a utility, the company has set targets 

to replace a significant number of ageing joints over the next 4 

years. This paper aims to provide a methodology for replacement 

optimization using Dynamic Programming (DP). As part of the 

methodology, an objective function and constraints is proposed 

where the goal is to determine the optimal number of yearly 

replacements which minimizes total cost whilst maintaining an 

acceptable level of risk. DP is used to find the replacement 

combination which returns the minimum cost whilst satisfying the 

constraints. A case study is conducted to investigate the impact 

cost of replacement, cost of failure and total acceptable 

replacement limit has on the optimization results. The optimal 

replacement strategy was obtained. By comparing the optimal 

replacement strategy against an average unoptimized replacement 

strategy, it was found that utilities can expect a 14% cost saving 

and a 40% reduction in the total number of predicted failures by 

using the replacement optimization methodology detailed in this 

paper.   
 

I.    INTRODUCTION 

 

Since peak cable/joint installations in the UK occurred during 

the late 50s/60s, many cables/ joints are approaching or have 

exceeded their expected operational life. In recent years, some 

utility companies have experienced an increasing number of 

unplanned PILC/PICAS joint failures and according to 

statistical analysis of the historical failure data for a district of 

a regional utility company in the UK, a similar trend of 

increasing PILC/PICAS joint failures can be expected over the 

next few years as shown in Fig.1. Although the number of 

recorded failures for the previous 2 years seems small, the 

increase in joint failures is consistent across all districts of the 

utility company representing a much wider problem. To address 

the issue of rising failures, utilities have set targets to replace a 

significant number of ageing joints over the next 4 years. 

However, the problem is deciding which joints should be 

replaced and how best to prioritize replacement so that risk can 

be minimized in the most cost effective way. 
 

To address the replacement optimization problem, previous 

efforts have focused on the application of mathematical 

optimization techniques such as Exhaustive search, Dynamic 

Programming and the Greedy algorithm. The Exhaustive search  
 

 

 
 

Fig.1. Number of predicted PILC/PICAS joint failures 

 

algorithm or ‘Brute Force’ approach solves an optimization 

problem by iterating for every possible solution to the problem. 

Whilst this guarantee’s the optimal solution will be found, the 

Exhaustive search algorithm is inefficient since calculations 

must be repeated multiple times [1]. Dynamic Programming 

(DP) also known as dynamic optimization is a powerful method 

which is considered more efficient than the exhaustive search 

algorithm [2]. The DP approach can be used to solve a complex 

problem by breaking it down into smaller sub problems and 

storing the solutions to those sub problems so they can be re-

used later without the need to re-compute. This saves a 

significant amount of computing power.  
 

Compared to the Greedy optimization algorithm which selects 

the best option at each stage, the DP algorithm considers the 

best option at each stage but also considers the solutions to 

previously solved sub problems in order to compute the optimal 

solution [3]. In terms of optimality, the greedy algorithm can’t 

guarantee the optimal solution whereas the DP algorithm is 

guaranteed to find the optimal solution since it considers every 

combination of possible decisions and then selects the best 

combination to satisfy the optimization objective and 

constraints [4].  
 

The objective of this paper is to provide a methodology for 

replacement optimization which utilizes dynamic programming 

to find the optimal replacement schedule which minimizes 

investment whilst maintaining an acceptable level of risk. In 

section II, the proposed methodology is outlined and the steps 
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required to obtain the optimal replacement decision using DP is 

explained. In Section III, a case study is provided.  
 

II.   METHODOLOGY  
 

The replacement optimization methodology can be summarized 

by the flowchart in Fig.2. Each stage of the methodology is 

outlined in the following sub sections. By following the 

proposed methodology, the optimal replacement decision can 

be obtained.   
 

 
 

Fig.2. Replacement Optimization Methodology  

 

A.    Weibull Model  

   The first step of the replacement optimization methodology is 

to collect data on the cable joints under consideration for 

replacement. The data should include the age of operational 

joints and the time-to-failure of joints which have failed. This 

data is important since it is required to carry out statistical 

analysis of the joint population. The Weibull distribution is a 

statistical model for analysis of time-to-failure data and 

reliability [5]. The Weibull model can ultimately be used to 

calculate failure probabilities and predict future failures based 

on the Weibull parameter results. These failure probability and 

failure prediction calculations are an essential part of the 

replacement optimization model. 
 

To determine the Weibull shape (𝛽) and scale (𝜂) parameters a 

Weibull distribution plot must be produced [5]. The X-axis of 

the plot is the logarithm of time (t). When considering failed 

joints, time is the time-to-failure which describes the 

operational period of the joint. For joints that are still in 

operation, time is the age of the asset from commissioning till 

the date of study. Time-to-failure data for operational assets is 

referred to as right censored data. The Y-axis of the Weibull 

distribution plot is the result of ln(ln(1/(1-𝐹(𝑡))), where 𝐹(𝑡) 

describes the failure probability. To derive the Weibull 

parameters, linear fitting of ln(t) vs ln(ln(1/(1-𝐹(𝑡))) should 

take pace, where the shape parameter (𝛽) is determined by the 

slope of the fitted curve and the scale parameter (𝜂) is related to 

the intercept of the X-axis when ln(ln(1/(1-𝐹(𝑡))) is equal to 

zero. The linear trend line which relates y and x is given in (1). 

The Weibull parameters can then be derived from (2) and (3). 

 

                                       y= a+b∙x                                          (1) 

                                          β=b                                               (2) 

                                    η=exp(-a/β)                                        (3) 
 

Based on the Weibull parameters, failure probability can be 

determined for each joint using (4) and (5). The Predicted 

number of failures can be obtained using (6) and (7) [6]. 
 

(𝑡)=1−exp(−(𝑡/𝜂)𝛽)                              (4) 

𝐹(𝑡+1)=1−exp(−(𝑡+1/𝜂)𝛽)                        (5) 

𝐸𝐹𝑗 = (F(t + 1) − F(t)) ÷ (1 − 𝐹(𝑡))              (6) 

                                       𝑃𝑁𝑜𝐹 = ∑ 𝐸𝐹𝑗
𝑗=𝑛
𝑗=1                                  (7) 

 

Where 𝐸𝐹𝑗 is the estimated failures of the jth asset, 𝑃𝑁𝑜𝐹 is the 

predicted number of failures, 𝑗 is the asset index and 𝑛 is the 

total number of assets. 
 

B.    Objective Function and Constraints  

   The next step of the replacement optimization methodology 

involves establishing an objective function and identifying 

constraints. An objective function is a mathematical equation 

which describes the desired optimization outcome [7]. The aim 

of the objective function (8) is to minimize the total investment 

over a period of 𝑁 years by finding the optimal combination of 

yearly replacements required to maintain acceptable failure 

numbers.  

            F(x) = Min(∑ 𝐶𝑅𝑖𝑥𝑖
𝑁
𝑖=1 + ∑ 𝐹(𝑡)𝑗

𝑗=𝑛𝑖
𝑗=1 𝐶𝐹𝑖)         (8) 

 

Where 𝑖  is the year index, 𝑁  is the number of years under 

consideration, 𝐶𝑅𝑖 is the cost of replacement in the 𝑖𝑡ℎ year,  𝑥𝑖 

is the number of replacements in the 𝑖𝑡ℎ  year, 𝑗  is the asset 

index,  𝑛𝑖 is the number of assets without replacement at the 𝑖𝑡ℎ 

year, 𝑛𝑖 = 𝑛𝑖−1 − 𝑥𝑖  ,where 𝑛0  is the total number of assets, 

𝐹(𝑡)𝑗  is the failure probability of the 𝑗𝑡ℎ asset and 𝐶𝐹𝑖  is the 

cost of failure in the 𝑖𝑡ℎ year. 
 

The objective function is subject to the constraints outlined in 

(9) ~ (12). 

𝑥𝑖 < 𝑎                                        (9) 

𝑥𝑇 = 𝑏                                      (10) 
𝑃𝑁𝑜𝐹𝑖 ≤ 𝑌𝐴𝐿𝑖                               (11) 

𝑃𝑁𝑜𝐹𝑇 ≤ 𝑇𝐴𝐿                               (12) 
 

Where 𝒂  represents the maximum allowable yearly 

replacements, 𝑥𝑇 is the total number of replacements, 𝑏 is the 

total allowable number of replacements, 𝑷𝑵𝒐𝑭𝒊  is the 

predicted number of failures in the 𝒊𝒕𝒉 year, 𝑷𝑵𝒐𝑭𝑻 is the total 

predicted number of failures, 𝐘𝑨𝑳  is the yearly acceptable 

failure limit and 𝐓𝑨𝑳 is the total acceptable failure limit. 
 

C.  Dynamic Programing Algorithm  

   Having established the objective function and constraints, the 

next stage of the methodology involves finding the acceptable 

replacement combinations based on the constraints. The DP 

algorithm starts by considering the maximum allowable 

replacements for year 1. The algorithm then calculates the 

predicted number of failures following each replacement 



decision and then checks if the predicted number of failures is 

less than the yearly acceptable limit. If the predicted number of 

failures is less than the acceptable limit, the replacement 

number is stored as an acceptable replacement value for year 1.  
 

In year 2, the algorithm considers all the acceptable 

replacement values from year 1 and proceeds to find the 

combination of replacements which result in the predicted 

number of failures being less than the yearly acceptable limit 

for year 2. The algorithm repeats this process, storing the 

acceptable replacement combinations each year for 𝑁 years. 
 

The DP algorithm takes the acceptable combinations and filters 

them further by discarding the combinations which fail to meet 

the total acceptable failure limit and total allowable 

replacement limit constraints. The DP algorithm then calculates 

the total cost for the remaining combinations and determines 

the optimal replacement strategy by finding the replacement 

combination which minimizes the total cost.  
 

III.   CASE STUDY  
 

A.  Application of DP Replacement Optimization Model  

   A numerical example is presented based on data obtained 

from a regional utility company. The data used in the 

replacement optimization model is summarized in table I. The 

Weibull distribution plot is shown in Fig.3. The Weibull 

parameters 𝛽 and 𝜂 were found to be 37 and 71.54 respectfully. 
 

TABLE I 

DATA SUMMARY  

Asset Type Right 

Censored 

Failures Total 

Number (n) 
𝛽 𝜂 

PILC/PICAS 

Joint 

402 6 408 37 71.54 

 

 
 

Fig.3. Weibull distribution plot   

 

The cost of replacement and cost of failure has also been 

obtained from a regional utility company. Expert opinion is that 

cost of replacement should depreciate around 10% per year. A 

Breakdown of the cost of replacement and cost of failure for 

PILC/PICAS joints has been provided in table II and III [8]. 

The values selected for the objective function and constraints 

are listed in table IV. To solve the replacement optimization 

problem MATLAB was utilized to find the acceptable 

replacement combinations and implement the DP algorithm to 

solve for the optimal replacement strategy. 

TABLE II 

 COST OF REPLACEMENT BREAKDOWN 

Cost of Replacement Breakdown 
(PILC/PICAS Joint) 

 

Cost (£) 

Excavation (£169/mtr*20mtr) £3,380 

 Trifurcating Joint £1600 

Polyethylene Cable 
(£8.40/mtr*(3*20mtr)) 

£504 

2 Joint Bays (£1000*2) £2000 

Jointing Team from Utility (£750/day*2) £1500 

Total cost of Replacement £8,984.00 

 

TABLE III 

COST OF FAILURE BREAKDOWN 

Cost of Failure Breakdown 
(PILC/PICAS Joint) 

Cost (£) 
 

Financial £26,338 
Environmental £605 

Network Performance £2,572 

Total Cost of Failure £29,519 

 

TABLE IV 

OBJECTIVE FUNCTION AND CONSTRAINT VARIABLES 

Variables Case 1 Case 2 Case 3 Case 4 

𝑁 4 4 4 4 

𝑎 40 40 40 40 

𝑏 100 100 100 100 

𝑌𝐴𝐿1 3 3 3 3 

𝑌𝐴𝐿2 2.7 2.7 2.7 2.7 

𝑌𝐴𝐿3 2.4 2.4 2.4 2.4 

𝑌𝐴𝐿4 2.1 2.1 2.1 2.1 

𝑇𝐴𝐿 6.3 6.3 6 6 

𝐶𝑅1 £8,984 £29,519 £8,984 £29,519 

𝐶𝑅2 £8,086 £26,567 £8,086 £26,567 

𝐶𝑅3 £7,277 £23,910 £7,277 £23,910 

𝐶𝑅4 £6,549 £21,519 £6,549 £21,519 

𝐶𝐹𝑖 £29,519 £8,984 £29,519 £8,984 

 

In this example, four cases are considered for optimization 

using the DP model. The aim is to analyze the impact variables 

(TAL), (𝐶𝑅𝑖) and (𝐶𝐹𝑖) have on the optimization results. Case 

1 is considered the base case and cases 2, 3 and 4 introduce 

changes to the variables to investigate the impact on 

optimization results. The results of the DP optimization are 

given in table V, where NoR1~ NoR4 is the optimal number of 

replacements for each year, TNoR is the total number of 

replacements and TNoF is the total number of predicted 

failures. 
 

TABLE V 

OPTIMIZATION RESULTS 

Results Case 1 Case 2 Case 3 Case 4 

Min cost £1,227,600 £2,791,700 £1,227,600 £2,841,100 

NoR1 40 40 40 40 

NoR2 40 36 40 39 

NoR3 20 22 20 21 

NoR4 0 0 0 0 

TNoR 100 98 100 100 

TNoF 6 6.3 6 6 

 

By comparing the optimization results for all 4 cases it can be 

seen that case 1 and case 3 equally have the minimum cost. The 

minimum cost was found to be £1,227,600. To achieve the 

minimum cost, the DP algorithm has determined that the 



optimal replacement strategy is to replace 40 assets in years 1 

and 2 followed by 20 replacements in year 3 and 0 replacements 

in year 4.  
 

The reason why case 1 and case 3 have the same result is 

because the cost of failure is much higher compared to the cost 

of replacement. The algorithm therefore determined that in both 

cases the most cost effective option was to replace the 

maximum allowable number of joints as early as possible. This 

meant that reducing the total acceptable number of failures in 

case 3 had no impact on the final optimization result.  
 

To understand the effect cost of failure and cost of replacement 

has on the optimization results, case 1 and case 2 can be 

compared. In case 2, the cost of replacement and cost of failure 

are switched. This represents a scenario when the cost of 

replacement is higher than the cost of failure. The minimum 

cost for case 2 was found to be significantly higher than case 1. 

The optimal replacement combination for case 2 only required 

98 replacements compared to 100 replacements in case 1. This 

suggests that when the cost of replacement is higher than the 

cost of failure, the algorithm will suggest the minimum number 

of replacements required to satisfy the constraints.  
  
By comparing case 2 and case 4, the effect of reducing the total 

acceptable number of failures when the cost of replacement is 

greater than the cost of failure can be analyzed. Comparing case 

2 and case 4 it can be seen that case 2 has a smaller minimum 

cost however the optimal replacement strategy only requires 98 

replacements compared to 100 replacements in case 4. The 

reason case 4 requires all 100 replacements is because the total 

acceptable limit was reduced from 6.3 to 6. This explains why 

the minimum cost for case 4 is slightly higher than case 2 since 

two more replacements were required to satisfy the total 

acceptable failure limit constraint.  
 

B. Discussion  

   To evaluate the benefit of the replacement optimization 

methodology, the optimal replacement strategy with the 

minimum cost is compared against an average unoptimized 

replacement strategy as shown in table VI. For the average 

replacement strategy, 25 replacements are made each year.  
 

TABLE VI 

OPTIMAL REPLACEMENT STRATEGY Vs AVERAGE REPLACEMENT STRATEGY 

Results Optimal Strategy Average Strategy  

Min cost £1,227,600 £1,428,580 

NoR1 40 25 

NoR2 40 25 

NoR3 20 25 

NoR4 0 25 

TNoR 100 100 

TNoF 6 10 

 

By comparing the optimal replacement strategy and the average  

replacement strategy, it’s clear that a cost saving of £200,980 

can be made over 4 years by adopting the replacement 

optimization methodology outlined in this paper. This equates 

to a 14% cost saving for utility companies. Furthermore, the 

optimal replacement strategy reduces the total number of 

predicted failures by 40%.  
 

IV.   CONCLUSIONS AND FUTURE WORK  
 

This paper introduced a replacement optimization methodology 

which utilized DP to find the optimal replacement strategy for 

PILC/PICAS joints which minimized investment whilst 

maintaining an acceptable level of risk. By applying the 

replacement optimization methodology outlined in this paper, 

utility companies can expect to make cost savings of 14% and 

reduce total predicted failures by 40%. The replacement 

optimization model can be easily tailored to suit the needs of 

different utility companies by changing the objective function 

and constraint variables. Given that the predicted number of 

failures is based on historical failure records, then access to 

more robust historical failure data will help to improve failure 

predictions and therefore improve the replacement optimization 

model.  
 

Future work will involve utilizing the existing replacement 

optimization methodology to solve a new objective function 

where the aim is to minimize the predicted number of failures 

rather than minimize the investment cost.  
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