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ABSTRACT
Cost-effective asset management is an area of interest across sev-
eral industries, for example, manufacturing, transportation, and
infrastructure. In this paper, we develop a deep reinforcement learn-
ing (DRL) framework in order to automatically learn an optimal
rehabilitation policy for continuously deteriorating water pipes.
The DRL agent interacts with a simulated environment of multiple
pipes that have distinct characteristics in terms of length, mate-
rial, and failure rate. We train the agent to learn an optimal policy
with minimal average costs and maximum reliability level for as-
sets under-consideration. The learned policy shows improvements
over standard preventive and corrective planning approaches. We
found that deep reinforcement learning effectively devises optimal
policies for dynamic environments; however, simulation of the en-
vironment is critical for complex assets (such as bridges, tunnels,
underground utilities) that are subject to various environmental
and operational stresses.

KEYWORDS
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1 INTRODUCTION
Reliable water distribution systems (WDS) are paramount for func-
tioning societies. Such systems are subject to deterioration around
the globe due to budget cuts, lack of maintenance, and increase in
urbanization [6]. Different kinds of maintenance strategies, such
as recurring schedules (planned) or run-to-failure (corrective), are
implemented to keep these assets from failing. However, such strate-
gies do not promise an effective solution at minimal cost and a de-
sired level of services. Replacing an asset according to a predefined
plan results in loss of its useful functioning life, whereas replace-
ment after failure can cause large consequential damage [22]. This
work seeks to (automatically) learn an optimal rehabilitation policy
for continuously deteriorating water pipes.

The recent success of deep neural networks as high-capacity
function approximators, such as deep Q networks, policy gradient
methods, has stimulated enormous progress in addressing sequen-
tial decision-making problems. The integration of deep learning and
reinforcement learning, as deep reinforcement learning (DRL) frame-
work, has been applied to various applications, including board
games [19], video games [11], robotic control [14], and optimal rout-
ing [1]. DRL harnesses powerful general-purpose representations
to learn and characterize feedback in a long-term horizon [21]. Be-
sides games and standard optimization problems such as knapsack

or traveling salesman, the application-oriented studies of DRL for
pragmatic real-world problems remain scarce.

This paper develops and implements a DRL framework to auto-
matically devise an optimal rehabilitation policy for water pipes
network under economic and reliability requirements. We model
agent and environment interactions as a Markov decision process
(MDP) [13], see Figure 1. Note that we do not explicitly create such
an MDP within our framework but use it merely to gain the re-
quired insights into the problem at hand. The agent observes the
(simulated) environment state 𝑆 at time 𝑡 and performs an action
𝐴𝑡 . The agent receives a reward 𝑅𝑡 as a feedback signal, and the
environment moves to the next state represented as 𝑆𝑡+1. Having
the MDP formulation, it is assumed that the state transition follows
the Markovian property, meaning that future states depend only on
the current state 𝑆𝑡 and action𝐴𝑡 irrespective of the previous states
and actions taken by the agent. The core objective of the agent is
to learn to maximise the expected cumulative reward in a definite
time horizon.

We choose a (dueling) deepQ-network as a learning algorithm [24].
The deep Q agent follows a trial-and-error approach to actively
interact with the simulated (water pipes) environment in the form
of actions. The environment simulates the physical properties
of water pipes in terms of gradual deterioration in case of no ac-
tion and improvement in reliability state due to maintenance or
replacement. The agent can choose among actions including do
nothing, maintain or replace. The agent learns using the feedback
(i.e., reward) signal from environment to devise an optimal policy.

Figure 1: The agent–environment interaction in a Markov
decision process



Specifically, the DRL agent seeks to maximize the expected cu-
mulative reward in a definite time-horizon following sequence of
actions. We construct the reward function with inverse values since
we seek to minimise the overall intervention cost while improving
the structural performance of the pipes.

Our work offers twomain contributions. First, we provide a novel
and scalable solution for optimal rehabilitation of water distribution
system under economic and reliability requirements. Second, we
adapt a standard DRL framework and DQN methods to learn an op-
timal policy for the multiple pipes, simultaneously, having distinct
physical characteristics. The rest of the paper is structured as fol-
lows: Section 2 provides an overview of related work. The problem
formulation and details of the deep Q-network are introduced in
Section 3. The experiments and results are provided in Section 4.
Section 5 presents concluding remarks and a future outlook.

2 RELATEDWORK
2.1 Rehabilitation planning of water pipes
The optimal scheduling of rehabilitation of water distribution sys-
tems (WDS) has been actively studied since 1979 with the pioneer-
ing work of Shamir and Howard [18]. The reported methods in the
literature employ various optimization techniques and mathemat-
ical modelings such as genetic algorithm [28], dynamic program-
ming [9], integer linear programming [16], and multi-criteria deci-
sion analysis methods to facilitate decision-maker in the planning
of repair and replacement of water pipes. Advanced data-driven
technologies such as artificial neural networks (ANN) are adapted
by a few studies [26] to predict the number of pipe failures and to
discover the influencing factors. Similarly, in the realm of sequen-
tial decision-making, Markov decision processes (MDP) are used to
model the deterioration of water networks [20].

Despite the vast research interest, it is noted that existing plan-
ning methods are site-specific [10] and do not include comprehen-
sive criteria (such as economic, social impact) of large-scale pipe
networks [17]. Besides, traditional programming approaches, either
mathematical or optimization, do not scale to accommodate a large
number of continuously changing states, and their (computational)
complexity grows exponentially with the problem size [8].

2.2 Deep reinforcement learning applications
With the success of the Deep Q network for playing Atari video
games [11], the field of deep reinforcement learning (DRL) has
gained enormous traction. DRL has outperformed human experts
on several board [19], card [12] and video games [2]. It has also been
applied to solve complex robotic movement [14], vision control [5]
and routing tasks [1]. Nevertheless, many opportunities (and chal-
lenges) of DRL in solving problems in diverse domains such as
asset management, health, manufacturing, and transportation have
largely remained under-explored.

A few notable studies pursue to address sequential decision-
making problems from diverse application domains using the DRL
framework. Zheng et al. [29] conducted a comprehensive study
to learn dynamic tax policies by economic simulations to balance
equality and productivity in socio-economic settings. Hubbs et al.
[7] solve a chemical production scheduling process to account for
uncertainty using the actor-critic policy gradient algorithm. Cals

et al. [4] introduces an approach to solve order batching and se-
quencing problem in a warehouse using the proximal policy opti-
mization algorithm. Similarly, the sequencing problem to avoid bus
bunching is addressed by Wang and Sun [23] using a multi-agent
framework.Wei et al. [25] devise an optimal structural maintenance
policy for bridge components using DQNs. Specficaly for WDS, ? ]
proposed a DRL-based approach to control the watr pump speed
using the real-time measurement data.

3 APPROACH
3.1 Problem formulation
The objective is to (automatically) learn an optimal rehabilitation
policy for continuously deteriorating water pipes. We define an
optimal policy based on its economic and reliability aspect. Specifi-
cally, the goal is to find optimal intervention moments such that
we incur the minimum average economic cost and maximum av-
erage reliability of water pipes within a planning time period. We
model the rehabilitation planning problem of water pipes as a finite
Markov decision process (MDP) within the DRL framework. In
the following, we briefly introduce each component of the DRL
framework (see Figure 1).

States: The state of the environment is represented by a matrix
S = 𝑚 × 𝑛, where 𝑚 represents the number of pipes considered
for rehabilitation planning and 𝑛 is the number columns repre-
senting the characteristics of each pipe. For 𝑚 = 𝑖 , the vector
𝑛𝑖 = ⟨age𝑖 ,mat𝑖 , 𝐿𝑖 , FR𝑖 , aux𝑖 , pf 𝑖 , rl𝑖 ⟩ defines the state of the pipe 𝑖 ,
where age𝑖 ,mat𝑖 , 𝐿𝑖 are the age, material and length of a pipe, re-
spectively. FR𝑖 is the failure rate concerning the material of the
pipe. 𝑎𝑢𝑥 is an auxiliary variable for the age that will represent the
change in the physical state of pipes resulting from interventions
(actions). Finally, pf 𝑖 is a probability of failure and rl𝑖 is a reliability
level, both, elicited from Equation 1.

Actions: We denote the action space as A = {𝑎1, 𝑎2, ..., 𝑎𝑚}
where, as before,𝑚 is the number of pipes. The objective of the
agent is to find an optimal action depending on a given state, at
each timestep, such that there is a minimum average economic cost
and maximum reliability of assets within a planning horizon. The
action 𝑎𝑡

𝑖
∈ [0, 1, 2] represents the discrete actions for an agent at

each timestep for a pipe 𝑖 , where 𝑎𝑡
𝑖
= 0 suggests no maintenance

action, 𝑎𝑡
𝑖
= 1 represents the action maintain, and 𝑎𝑡

𝑖
= 2 denotes

the replacement action.

Reward function: The DRL-based agent seeks to maximize
the expected cumulative reward in a definite time-horizon follow-
ing a sequence of actions [21]. Accordingly, we design the reward
function to represent our user-specific objective. We construct the
reward function with inverse values since we seek to minimise
the overall intervention cost while improving the structural perfor-
mance of the pipes. We denote the rewards as R = {𝑟1, 𝑟2, ..., 𝑟𝑚}
where𝑚 is number of total pipes under consideration. The reward



function is presented below:

𝑅(𝑠𝑡 , 𝑎𝑡 , 𝑠𝑡+1) =



0 if 𝑎𝑡
𝑖
= Do nothing

−0.8 if 𝑎𝑡
𝑖
= Replace

−0.5 if 𝑎𝑡
𝑖
= Maintain and 𝑝𝑓 > 0.5

−1 if 𝑎𝑡
𝑖
= Maintain and 𝑝𝑓 ≤ 0.5

−1 if 𝑎𝑡
𝑖
= Do nothing and 𝑝 𝑓 ≥ 0.9

where 𝑎 is an action, 𝑡 is a timestep and 𝑖 represents an individual
pipe. We introduce a penalty of −1 to discourage unnecessary main-
tenance actions. Similarly, to ensure a sufficient reliability level of
pipes at all times, a penalty is given if the system is near failure,
yet the agent chooses the action of doing nothing.

Simulated environment: The environment simulates the phys-
ical characteristics of multiple water pipes. Depending on the mate-
rial, each pipe has a specific failure rate, which is obtained from [27].
We estimate the failure probability of water pipes using the expo-
nential (Poisson) distribution [3] represented as:

𝑝𝑓𝑡 = 1 − 𝑟𝑙𝑡 = 1 − 𝑒−μ 𝑎𝑢𝑥𝑡 (1)

where 𝑝𝑓𝑡 is the probability of failure at time 𝑡 , 𝑟𝑙𝑡 is the reliability
of an asset, and μ is the failure rate, and 𝑎𝑢𝑥𝑡 is an auxiliary variable
for the current age of the pipe. We opted for an auxiliary variable
for the age to illustrate the improvement in the physical condition
of the pipes resulting from interventions (i.e., actions). Depending
on the age, material, and length, the pipes experience a certain
deterioration induced by environmental and operational stresses
in a different manner.

Dynamics (Time to transition): At any timestep, the agent
receives a representation of the environment’s state in the form
of state 𝑠𝑡 ∈ S where 𝑠𝑡 = ⟨𝑎𝑔𝑒,𝑚𝑎𝑡, 𝐿, 𝐹𝑅, 𝑎𝑢𝑥, 𝑝 𝑓 , 𝑟𝑙⟩. The agent
responds with an action 𝑎𝑡 ∈ A, receives a reward 𝑟𝑡 and moves to
next state 𝑠𝑡+1 ∈ S. In the finite MDP, the next 𝑠𝑡+1 and 𝑟𝑡+1 have
a discrete probability distribution dependent only the current 𝑠𝑡
and 𝑎𝑡 [21]. The dynamics function (also referred as state transition
probability function) is defined as:

𝑝 (𝑠 ′, 𝑟 |𝑠, 𝑎) = P(𝑠𝑡+1 = 𝑠 ′, 𝑟𝑡+1 = 𝑟 |𝑠𝑡 = 𝑠, 𝑎𝑡 = 𝑎) (2)

In other words, the next state and reward are only dependent on
the current state and action irrespective of all the previously visited
states, thus respecting the Markovian property.

In our case of water pipes, at each timestep, the age of the pipe
is increased by one year and the 𝑎𝑢𝑥𝑡 is updated depending on the
chosen actions as follows:

𝑎𝑢𝑥𝑡+1 =


𝑎𝑢𝑥𝑡 + 1 if 𝑎𝑡

𝑖
= Do nothing

𝑎𝑢𝑥𝑡 − 10 if 𝑎𝑡
𝑖
= Maintain

𝑎𝑢𝑥𝑡 = 1 if 𝑎𝑡
𝑖
= Replace

The auxiliary variable 𝑎𝑢𝑥𝑡+1 is
• incremented with one (year) in case of no intervention, de-
picting the increase in age and thus increase in 𝑝𝑓

• reduced by 10 (years) as a result of maintenance to represent
the improvement in physical state of the pipe, and

• set to one to depict the brand-new condition state of the pipe
resulting from replace action.

Intuitively, we use the𝑎𝑢𝑥𝑡+1 variable in order to avoidmodification
of original age values of the assets. The updated 𝑎𝑢𝑥𝑡+1 is used in
Equation 1 to calculate the 𝑝𝑓 and 𝑟𝑙 at each timestep in order to
represent the physical characteristics of the assets.

3.2 Deep Q-Network
The agent interactions with the environment generate a sequence
of trajectories, which are denoted as:

𝑠0, 𝑎0, 𝑟1, 𝑎1, 𝑠2, 𝑎2, 𝑟2, 𝑠3, 𝑎3, 𝑟3, ...

The goal of an agent is to find an optimal policy (sequences of
actions) which maximizes the expected accumulated (discounted)
return𝐺𝑡 , which is discounted sum of rewards. represented as𝐺𝑡 =
𝑟𝑡 + 𝛾𝑟𝑡+1 + 𝛾2𝑟𝑡+2 ..., where 𝑟𝑡 is the reward received at time 𝑡 , and
𝛾 ∈ [0, 1] is a discount factor. The optimal Q-function (action-value
function) must provide the maximum action values at all the states
determined by Bellman optimality equation as follows [21]:

𝑄∗ (𝑠, 𝑎) = E𝑠′ [𝑟 + 𝛾𝑚𝑎𝑥𝑎′𝑄
∗ (𝑠 ′, 𝑎′)] (3)

where 𝑟 is the immediate reward received, 𝑎′ is the action to select
a state 𝑠 ′ that returns maximum reward. E is the expected value
of a random variable given that agent follows the policy 𝜋 . The
optimal policy 𝜋 is derived by Equation 3 in an iterative update
such that the agent starts in state 𝑠 and takes the highest return
action 𝑎 and follows the policy 𝜋 for all future steps.

Q-learning may fall short for complex systems beyond standard
grid examples. The seminal work of Mnih et al. [11] proposed to
utilize deep neural networks as function approximator for estimat-
ing Q-functions for high-dimensional states spaces, in particular,
to update a set of parameters \ to learn optimal Q-function for a
policy 𝜋 such that 𝑄∗ (𝑠, 𝑎) ≈ 𝑄 (𝑠, 𝑎 |\ ). The network achieves this
by minimizing the following loss function at each step 𝑘 :

L(𝑠, 𝑎 |\𝑖 ) = E𝑠,𝑎,𝑟,𝑠′ 𝑝 (.) [𝑦𝑘 −𝑄 (𝑠 ′, 𝑎′;\𝑘 ))2] (4)
𝑦𝑘 = 𝑟 + 𝛾𝑚𝑎𝑥𝑎′𝑄 (𝑠 ′, 𝑎′;\𝑘−1) (5)

where 𝑝 represents the uniform distribution over the transitions
tuple 𝑠, 𝑎, 𝑟, 𝑠 ′ collected by agent for interacting to environment.

For a long time, utilizing neural networks for reinforcement
learning remained an open research question due to the instability
of network training and convergence [15]. The Atari DQN intro-
duced fixed target network and experience replay training techniques.
In fixed target network, the \𝑖−1 is kept frozen for certain iterations
and is updated in predefined intervals. This is to avoid frequent
updates, which improves the network’s convergence capability. The
second technique experience replay offers training stability and data
efficiency. It recommends storing agent transition (𝑠, 𝑎, 𝑟, 𝑠 ′) into a
circular data structure called the replay buffer. In each training iter-
ation, instead of only the latest transition, the batch of transitions
is sampled from the replay buffer to compute the loss and gradient.

To balance the exploration and exploitation trade-off, the DQN
implements a epsilon-greedy policy which select greedy action (i.e.
𝑎 = argmax𝑎∈A(𝑠) 𝑄 (𝑠, 𝑎)) with probability 1 - 𝜖 and a random
uniformly distributed action with 𝜖 probability.

Dueling Deep Q-Network is one of the several improvements
that has been proposed for a performance enhancement in compar-
ison to using standard DQN. Wang et al., [24] propose to replace



a single stream Q-network into two streams of state-value and
advantage functions represented as follows :

𝑄 (𝑠, 𝑎) = 𝑉 (𝑠) + (𝐴(𝑠, 𝑎) − 1
A

∑
𝑎′

𝐴(𝑠, 𝑎)) (6)

The value function 𝑉 (𝑠) estimates the rewards given the state and
chosen action. The advantage function 𝐴(𝑠, 𝑎) mainly informs the
agent about the usefulness of the chosen action compared to the
other actions. The rationale behind off-setting the advantage values
with its mean is discussed in detail in [24].

It is important to note that the dueling DQN shares the same
input and output as the standard DQN. The proposed additions of
dueling DQN are implemented as part of the network, and it does
not introduce additional algorithmic modifications.

4 EXPERIMENT AND RESULT
4.1 Network implementation
We develop a simulation environment of water pipes using the
standard Open AI Gym custom environments. Instead of a single
pipe, we simulate 16 independent pipes with varying age, material,
length, and failure rates to mimic the real-world planning scenario.

There are several possible ways to obtain Q-values using neural
networks. Besides the type and number of network layers, previous
approaches seek to directly estimate the scalar values for each
state-action pairs [15]. However, these architectures do not scale,
and their cost increases linearly with the number of actions. Mnih
et al. [11] proposed to use a separate output unit for each action,
where the network predicts the Q-values of each action in a single
forward pass. To further improve generalisability and efficiency,
Wang et al., [24] proposed to estimate the state-value and advantage
values before the Q-value. The intuition behind this that the state
value does not vary significantly across various actions.

Our network architecture is mainly inspired by [11, 24, 25]. The
network takes an input of size 16 × 7 × 1 representing the number
of pipes, state variables, and connector for convolution layers. The
network consists of four convolution layers with a kernel size of
3× 3 (first three layers) and 1× 1 (last layer) and stride of 1× 1 (first
and fourth layer) and 2 × 2 (second and third layer). All four layers
has tanh activation function. We apply a global average pooling to
the last convolution layer followed by two fully-connected layers.
The last fully-connected layer is split into values and advantage
stream and fed as an input into an independent fully-connected
layer with tanh activation function. The output of advantage and
value streams are combined using Equation 6 to obtain the Q-value
of each action. For training, the network seeks to minimize loss
between target Q-value and predicted Q-value based on Equation 4
and Equation 5.

4.2 Training and evaluation
We train an agent to converge to an optimal rehabilitation policy of
100 years, where each timestep is a year. The training is performed
for the 10, 000 episodes with a replay buffer of size 1000. An episode
finishes when the timestep reaches the 100𝑡ℎ year. We evaluate
the quality of actions in a single trajectory (episode) by computing
the discounted sum of rewards 𝐺𝑡 , where the discount factor is
set to 𝛾 = 0.6. The DQN seeks to obtain the maximum expected
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Figure 2: The DQN agent performance during training with
𝜖-greedy behaviour policy.

cumulative reward; therefore, we inverse the reward function to
minimize the cost-related objective. The agent follows the 𝜖-greedy
behavior policy with 𝜖 annealed linearly from 1 to 0.01. We used
the ADAM optimizer with a learning rate of 0.001 for the training.

The training performance of the (dueling) DQN agent is pre-
sented in Figure 2. By the end of every episode, the costs (rewards)
are accumulated to gauge the agent’s overall learning performance.
As it can be noticed, the performance starts to stabilizes after around
2000 episodes. The model high-cost spikes (in blue) represent the
exploration characteristic of the 𝜖-greedy policy. We report the
results in the subsequent section with the optimal parameter con-
figurations.
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Figure 3: Comparison of DRL-based rehabilitation method
with preventive and corrective approach. The graph shows the
average cost (lower values are preferred) and average reliability level
(higher values are preferred) for rehabilitation of 16 water pipes for
the planning horizon of 100 years.
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Figure 4: Optimal rehabilitation policy for distinct water pipes (rows) for a specified time period (columns).

4.3 Results
We model the rehabilitation planning problem of water pipes as
a finite Markov decision process within the DRL framework. The
agent learns an optimal rehabilitation policy as a result of exten-
sive training of agent and environment interactions based on the
(dueling) deep q-network. We term a policy optimal if an agent
returns a minimum (average) cost and maximum reliability level of
water pipes network for a planning horizon.

We present the optimal policy of 16 water pipes for the time-
frame of 100 years in Figure 4. For discussion purposes, we report
the initial state representation in Appendix 1. It is noted that the
agent prefers replace action for the pipes with a low failure rate
(e.g., see for pipe 15 and 16). For most of the pipes with an initial age
of more than 40 years, a replacement is proposed at 𝑡1. However, for
the overall plan, the agent has proposed Maintain action 68 times,
followed by replace action 25 times only. Since Do nothing action
incurs no cost, this action is predominant in the rehabilitation plan,
which is also aligned with the real planning situation.

Comparison with baselines: We establish baselines with pre-
ventive and corrective planning approaches to evaluate and com-
pare the usefulness of employing the DRL framework for rehabili-
tation planning. The preventive planning approach is based on a
recurring schedule where maintain action is performed to improve
the performance state of assets. In the corrective approach, mainly
replace action is executed after a failure.

For comparison, we develop a rehabilitation plan of 16 pipes
for 100 year with preventive, i.e., Maintain-5 (every five years)
and Maintain-10 (every ten years) and corrective (i.e., Replace)
approach with similar costs, actions, and resulting performance
improvements discussed in Section 3. Figure 3 shows the average
costs and reliability level obtained by developing rehabilitation pol-
icy with different methods. We prefer the high reliability level with
minimum cost. The maintenance every five years scenario results
in highest average reliability level and highest cost. The ratio of
average reliability and cost is noteworthy for the last three meth-
ods. The DRL-based approach yields a minimum cost of 50 with an
average reliability level of 0.32, which is only 0.02 units less than
the replace option and 0.04 better than the planned intervention of

every ten years. The comparisons warrant the cost-effectiveness
of rehabilitation planning of water pipes network with DRL frame-
work.

5 CONCLUSION AND FUTUREWORK
We present a successful application of deep reinforcement learning
(DRL) with a deep Q-network (DQN) agent for the management
of the water pipes network. The DQN agent devises an optimal
rehabilitation policy that incurs minimum average intervention
cost and maximum reliability of the multiple assets. The trained
agent effectively and efficiently outperforms classical maintenance
planning, mainly preventive and corrective strategies, without the
need for explicit expert knowledge and detailed heuristic rules.
Besides optimal policy, the DRL framework based on the Markov
decision process yields transparency in rehabilitation planning due
to distinct definitions of states, actions, transition probability, and
reward function.

The future work of this study will extend the application of DRL
to include the interconnection among water pipes to reflect the
network characteristics, such as the impact on the availability and
surrounding households. The goal would be to devise a rehabil-
itation policy for water network segments instead of individual
pipes. We seek to explore diverse deep learning architectures ei-
ther as a part of value-based or policy-based DRL algorithms in
order to capture the spatial information of the water pipes network
successfully.

The DRL is a promising framework to model sequential decision-
making problems. However, it remains an under-explored research
area in asset infrastructure management due to the complexity of
modeling simulated environments for multi-component structures.
The increasing interest of the community towards digital twin
technologies provides a useful testbed to explore and develop DRL-
based solutions.
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6 APPENDIX
Table 1 presents the initial state representation of the 16water pipes.
Failure rate with respect to pipe material is obtained from [27]. At
𝑡=1, the auxiliary age is equal to the start (given) age. Equation 1 is
used to compute failure probability pf 𝑡 and and reliability level rl𝑡 .
At each time transition, the auxiliary age, failure probability and
reliability level are updated depending on the chosen action by the
agent.
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Table 1: State representation of the water pipes network at timestep 𝑡=1.

Pipes Age
(year) Material Length

(m)
Failure rate

(km)
Auxiliary

age
Failure

probability
Reliability

level

1 44 Asbestos cement 2365 0.06 44 0.998 0.002
2 46 Asbestos cement 2732 0.06 46 0.999 0.001
3 6 Asbestos cement 1908 0.06 6 0.497 0.503
4 42 Asbestos cement 1996 0.06 42 0.993 0.007
5 32 Ductile iron 1968 0.09 32 0.997 0.003
6 37 Ductile iron 2915 0.02 37 0.884 0.116
7 25 Ductile iron 2405 0.02 25 0.700 0.300
8 47 Ductile iron 1500 0.02 47 0.654 0.346
9 11 Gray cast iron 2017 0.07 11 0.788 0.212
10 30 Gray cast iron 1679 0.07 30 0.971 0.029
11 31 Gray cast iron 2071 0.07 31 0.989 0.011
12 45 Gray cast iron 1666 0.07 45 0.995 0.005
13 15 PVC 1650 0.015 15 0.310 0.690
14 40 PVC 2365 0.015 40 0.758 0.242
15 22 PVC 2434 0.015 22 0.552 0.448
16 2 PVC 1527 0.015 2 0.045 0.955
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