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Abstract: Maximizing benefit from budget allocation is a major challenge for municipalities in the
modern era. This is especially significant when it comes to infrastructure network management such
as water distribution networks. The main challenges of water distribution networks are leakage and
leak repairs. Municipalities commonly use first-in-first-out approaches to determine which leaks to
allocate budget for first. Yet, the deterioration of leaks is not linear through time and requires a more
in-depth assessment of the condition of the leak. Therefore, this article presents two prioritization
approaches for the scheduling of leaks while incorporating deterioration over time. This paper
proposes and compares two optimization techniques: (1) a well-known genetic algorithm and (2)
a novel approach named the Lazy Serpent Algorithm. The Lazy Serpent Algorithm has proved
capable of surpassing the genetic algorithm in determining a more optimal order by using much less
computation time. The Lazy Serpent Algorithm helps municipalities better distribute their resources
to maximize their desired benefits.

Keywords: prioritization algorithms; budget allocation; time-based optimization; genetic algorithms

1. Introduction

The concept of lazy serpent was inspired by the problem of leak repair scheduling and resource
allocation for repair projects. Thus, in this report leak repair projects are considered independent
events, i.e., unrelated to each other. Moreover, all leaks are assumed to be deteriorating at an
individual rate determined by each case and through historical data. Accordingly, in this section,
previous work on scheduling optimization approaches of independent events under constraints are
discussed. Some researchers attempted to distinguish independent event scheduling approaches from
regular scheduling and dubbed them the name “priority algorithms.” Davis [1] identified priority
algorithms and their role in solving scheduling problems. The report identified multiple algorithms
capable of solving prioritization problems, mainly greedy algorithms, genetic algorithms, adaptive
priority algorithms, and dynamic programming. The author also distinguished between fixed priority
algorithms and adaptive priority algorithms. An early approach for optimizing independent event
schedules was presented by Colorni et al. [2]. Their proposed approach used evolutionary genetic
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algorithms (GAs) to solve the timetable problem. This problem is limited by school hour constraints
and teacher schedule constraints and the objective was to remove conflicts in classrooms and to remove
the course overlaps. The authors simulated the problem as a multiconstrained, non-deterministic
polynomial hard (NP-hard), combinatorial optimization problem. Using a genetic algorithm with
local search as well as genetic algorithms without local search, the authors concluded that the genetic
algorithm presents more flexibility in defining constraints and outperforms handmade timetables and
simulated annealing timetables. Scheduling problems can be solved using a resource-driven model
that is capable of optimizing the schedules of linear projects by utilizing a dynamic programming
formulation and heuristic rules, as proposed by Moselhi and Hassanein [3]. The model accommodates
repetitive and nonrepetitive optimization activities to develop practical and near-optimal schedules.
Software was developed to embody the theoretical concepts of the model and develop case studies.
The model has proved to be capable of optimizing construction time, cost, or both under a cost-plus-time
bidding environment. Elshaboury et al. [4] proposed a single-objective optimization model designated
for budget allocation of water repair works. In this regard, the optimization model was designed
to accommodate the cost of repair strategies and the structural condition of the overall network.
A comparative analysis was carried out to evaluate the performances of the modified invasive weed
optimization algorithm, particle swarm optimization algorithm, shuffled frog leaping algorithm,
and artificial bee colony algorithm. It was found that the modified invasive weed optimization
provided better overall performance with reference other metaheuristics.

Prioritization models are required not only to prioritize but also to optimize expenditure and
cost [5]. Recently, the concept of merging wireless sensor networks with optimization techniques
in smart cities is gaining traction in the scientific field [6–8]. Existing models can be classified
into two categories: (1) probabilistic and (2) nonprobabilistic approaches. When implementing
a probabilistic approach, the user must collect the distribution of a given event and then utilize
its distribution form to create assessments and simulation using Monte Carlo simulation [9–13].
On the other hand, nonprobabilistic methods utilize arithmetic laws, rules, and optimization to
handle uncertainties. Nonprobabilistic approaches include fuzzy set theory, interval probabilities,
and imprecise reliability [14–16]. For example, Morcous and Lounis [17] presented a model that is
capable of minimizing the life-cycle cost of infrastructure by predicting deterioration in infrastructure
networks using genetic algorithms and Markov chain networks. This model is important in this
research as it shows previous work predicting and assessing multiple maintenance alternatives for a
specific network within a specific timeline. To prioritize independent events, a scale of measurement
is required. Elbehairy et al. [18] introduced a repair prioritization approach for bridge deck repairs.
Two evolutionary algorithms are used in this approach to optimize the order within the repair schedule.
These two algorithms are genetic algorithms and shuffled frog leaping algorithms. Each repair
event is identified by three aspects as follows: (1) expected deterioration, (2) cost, and (3) repair
impact. This research concluded that both optimization approaches are equally suitable to optimize
bridge repair schedules. Another prioritization model, this time for pipe replacement prioritization,
was presented by Giustolisi and Berardi [19]. The authors identify three main aspects of leak repair:
(1) economic, (2) reliability, and (3) water quality. The main aim of the model is to develop a plan that
maximizes the effectiveness of each pipe rehabilitation to help the decision-maker identify how to
tackle the replacement plans within an infrastructure network. The primary tool for the development
of this model was a multiobjective evolutionary optimization with the best results obtained when
the multiobjective genetic algorithm is utilized. The research above proves the need for an approach
that can help the decision-maker plan for the long-term changes within multiple similar projects.
A dedicated approach for the prioritization of events—specifically leaks—and the assessment of the
best manner to allocate available resources is currently not directly present. GAs are frequently used in
the field of schedule optimization. Researchers have presented multiple possibilities with evolutionary
algorithms capable of providing multiobjective solutions for complicated problems, e.g., scheduling
and event prioritization problems. Cai and Li [20] proposed genetic algorithms to solve a scheduling
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problem. They presented a multiobjective genetic algorithm to optimize the schedule of 624 staff

members based on three predefined criteria by the user. The algorithm proved effective in organizing
shifts, optimizing the schedule, and reducing the costs by decreasing the required number of staff

members to 593 individuals. The research works reviewed in this section and those presented earlier
show that evolutionary algorithms in general, and specifically genetic algorithms, offer a feasible and
practical solution to scheduling problems and are capable of providing adequate and reliable optimal
schedules. On the other hand, evolutionary algorithms can be time-consuming as they are not explicitly
designed to solve scheduling problems. In the field of single event prioritization, multiple contributions
have been made, using evolutionary learning algorithms and more specifically genetic algorithms.
Although beneficial and powerful, genetic algorithms have drawbacks in terms of computational
efficiency and time efficiency. Evolutionary algorithms are considered time-consuming and might
deflect away from the optimum solution to near-optimal solutions [1]. Additionally, evolutionary
algorithms can be inefficient in handling large numbers of events without affecting their computational
performance and lowering their respective speed [2]. Finally, most evolutionary algorithms tend to
utilize static schedules to create optimally prioritized schedules. However, in the case of prioritizing
leak repairs, there is a need for more dynamic approaches to consider the worsening of the condition
of a leak that is to be repaired. Therefore, an algorithm with minimal simulation and prediction
capabilities to prioritize events as they move through time is highly needed [21].

Accordingly, the objectives of this article are to (1) present a novel decision-making approach
for the assessment of changing events through time, (2) present a comparative genetic algorithm
model that serves the same purpose, and (3) apply both models to a given case study and compare
their results.

The article is divided into four main sections. The second section introduces the methods used
and the implementation approach for the article. The third section presents and compares the results.
The final section presents the conclusions and the lessons learned from this research work.

2. Methodology and Implementation

This article proposes a new prioritization algorithm with a three-dimensional approach to tackle
the leak prioritization problem. Figure 1 presents the model for the Lazy Serpent Algorithm presented in
this article. To develop the Lazy Serpent Algorithm, research is needed in terms of simulation techniques
and optimization algorithms. The primary purpose of having a background simulation technique is to
predict the behavior of the leak (event) as time progresses, whereas optimization algorithms are utilized
to determine the best path for repairing the maximum number of leaks with the minimum amount
of damages or effects as predefined by the user. The impact estimator is a smart decision-making
merger between simulation and optimization that allows the serpent (resource or repair team) to
select the least problematic event. The Lazy Serpent Algorithm can tackle the time consumption
problem in other schedule optimization algorithms by immediately going towards a user-oriented
near-optimal solution. This is done by the algorithm’s capability to immediately start constructing
a solution that optimizes the priorities provided by the user. Furthermore, the three-dimensional
definitions of the Lazy Serpent Algorithm allow municipalities and other organizations that require
schedule optimization of independent events to define and select the criteria that most matter and
define their changes. Thus, the algorithm creates a field for analysis that targets only their needs that
are based on their available data. Additionally, the Lazy Serpent Algorithm is created to solely solve
the prioritization problem. Therefore, it is designed to be much simpler to use and implement than
other algorithms that require a lot of definitions and setups. Figure 2 summarizes the components of
the Lazy Serpent Algorithm. The algorithm contains two main compartments, boundaries and inputs.
The input compartment is composed of two partitions, which are inputs on the level of events and
inputs on the level of resources (serpents).
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Each partition has its type of inputs. There are four main types of event inputs and they are (1)
Basic Events (BE), (2) Serpent-Specific Events (SSE), (3) Multi-Serpent Events (MSE) and (4) Any-Serpent
Events (ASE). MSEs are divided into two types, (1) Simultaneous (SMSE) and (2) Consecutive-Layers
(CLMSE). Accordingly, the input of resources (serpents) is characterized by three primary attributes
as (1) Behavior, (2) Color, and (3) Consumption Rate. Behavior is divided into two behaviors as (1)
Establishing Behaviors and (2) Returning Behaviors. Establishing behaviors can be either independent
or pack-mode behaviors.

The second compartment is boundaries, which are the constraints of the algorithm. The Lazy
Serpent Algorithm has two main constraints as (1) Time and (2) Energy (funds or money). Each of those
two constraints can be used separately or they can be used together. Another option is to avoid the use
of constraints to identify the ideal solution. The aspects above will be defined and explained further
throughout this section. The algorithm is summarized in Section 2.1 Sections 2.2 and 2.3 that follow.

2.1. Definition

The Lazy Serpent Algorithm simulates the motion of hungry serpents (snakes) throughout a field
trying to “hunt” moving events (which are in this case leak repairs) in the 3D field. The serpent is lazy
and thus it tries to follow the most profitable path with the least effort. Besides, when a serpent deals
with an event, the serpent will not be available within the specified amount of the time required to fix
the leak (event). The algorithm relies on representing resources as serpents and on upcoming events as
moving eggs or hopping rabbits. The events are expected to have an initial condition and equations that
represent their motion through the three dimensions of the field. The three dimensions are specified by
the user with a minimum and a maximum, and they are preferred to be equally weighted and uniform
in direction (decreasing or increasing from maximum to minimum). Each event is expected to move
with each of the three dimensions X, Y, and Z with a specified dimension equation f(x), f(y), and f(z),
as predetermined by the user. Each event is expected to have a weight, which represents the amount of
time required to complete this task/event. During this time, the resource (serpent) attached to this
event is considered busy and unable to function until the weight time passes.

2.2. Inputs

To operate the Lazy Serpent Algorithm, a set of inputs is required to set up the three-dimensional
space. Primarily, the events are distributed based on the three axes of importance specified by the user,
with their specific range preferably 0 to 10. The inputs are classified on three levels: events, resources,
and boundaries. The events in this specific case are discovered leaks and their respective information,
as they are required by the algorithm. Resource input, also referred to as serpent input, indicates the
number of available resources with their respective specific algorithm information. In the particular
example given, it refers to the number of available repair teams. The third type of input is boundaries;
however, boundaries are not a necessity for the operation of the lazy serpent. Thus, the algorithm
can run without any constraints to find the optimal solution, regardless of the time or the resources
required. However, constraints can be added to maximize or minimize the particular aspect the user
wishes to tackle. For instance, a time constraint can be added to let the algorithm maximize the number
of repairs in the specified limit.

2.2.1. Event Input

An event is simply an occurrence that has a certain state at the time it takes place. Thus, an event
within the Lazy Serpent Algorithm is assumed to have an initial condition on all three axes of
assessment (x0, y0, and z0), in addition to the change of condition functions in each axis (f(x), f(y),
and f(z)). The change equations are assumed to be a function of the same unit of time. In addition to
the initial condition and the expected change in the condition through time, an event will have two
other parameters, tn and cn, that identify the time expense and the financial expense. The parameter tn

indicates the amount of time needed for the complete disposal of the event and cn indicates the total
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cost needed to handle the event completely. Therefore, an event A can be represented as A (x0, y0, z0,
f(x), f(y), f(z), tn, cn). The definition is further described in Equation (1), where the initial condition is
part of the motion equations f(x), f(y), and f(z). The equations are composed of the initial condition x0,
y0, and z0, along with their relative variation through time g(t).

A =


f (x) = xc + gx(t)
f (y) = y0 + gy(t)
f (z) = z0 + gz(t)

, tn , cn (1)

For example, let us assume an event A with initial conditions (6,8,4) and a change in time g
(−0.1t, −0.4t, 0) and a tn of 8 days and a cn of 100,000 dollars. Therefore, f(x), f(y), and f(z) would be
(6–0.1t, 8–0.4t, 4). In case we want to determine the condition after four days of the initial investigation,
we replace t with 4 and the results would be (6–0.1(4) = 5.6, 8–0.4(4) = 6.4, 4) and A4 would be
(5.6, 6.4, 4). Throughout the development of this algorithm, multiple conditions were identified that
require the existence of multiple types of events to deal appropriately with each type of real-life event.
The identified event types are enlisted as follows:

Basic Events (B)

The first event type is the basic event. A basic event is an event that has no specific nature or a
specific approach, such as delivering a simple item or refilling a gas tank. Regarding leaks, it can be
iterated as a simple leak that any available team can easily deal with it. Thus, a basic event would
have no specific color and can be handled by any resource, as illustrated in Figure 3a. The drawing
illustrated in Figure 3a shows that the basic Event A could be eaten by any of the three serpents based
on a first-come-first-served approach. A basic event is represented as a colorless circle with a dotted
circumference. The value eight located within event A represents the weight tn that presents the time
required to complete event A. Equation (2) presents the mathematical and logical presentation of basic
events. For devouring to occur (e.g., event handling or leak repair), the event must be at the shortest
distance from any serpent and that serpent must be idle. If the two conditions are met, the event begins
to be devoured, and thus, in real life, the leak repair begins.

(d = min
∧

serpent = idle)⇒ devour = true (2)
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Serpent Specific Events (SS)

The second event type is one that can be solved by only one type of resource. In this algorithm, they are
dubbed as “Serpent Specific Events” and are represented by a specific color. Thus, only the matching
serpent can handle this event and any other type of serpent would merely ignore it. The illustration in
Figure 3b displays an event B colored in blue. Thus, the orange and green serpents are unable to react to
event B and only the blue serpent can react to event B and complete it, whereas the remaining events stay
idle even if they are available. A specific event is represented as a full circle filled with the color of the
necessary type of serpents, along with the time weight t0. Mathematically, serpent specific events can be
illustrated using Equation (3). The equation shows that to have an event interaction between serpent and
event, three conditions must be met. The distance conditions and the idle condition are the same from the
previous section. The new condition for this type of event is color. The color of the event (colore) and the
color of the serpent (colors) must match precisely to start the interaction.(

d = min
∧

serpent = idle
∧

colore = colors
)
⇒ devour = true (3)

Multi-Serpent Events (MS)

In real life, not all events or actions require one resource or team to be completed. As a result,
multi-serpent events are developed. Multi-serpent events are events that require more than one
resource (serpent) to complete and they are divided into two types:

(a) Simultaneous: a simultaneous event is an event that requires the existence of two specific resources
or more at the same time to be completed. Once commenced, all resources will suffer the same
delay (tn) required for the event, but the cost of the event (cn) will be one regardless of the number
of resources used. Further costs as the operational costs of each serpent are referred to as energy
consumption; this concept will be explored later. Figure 3c displays how serpents react in the
presence of a simultaneous event. Event C is not tackled when only one of the blue or green
serpent is available; only when when both are available at the same time, event C is tackled
and completed. A simultaneous event is drawn as a circle that is equally divided by the colors
representing the required serpents along with the amount of the required time t0.

On the level of mathematical representation, simultaneous multi-serpent events (SMSE) can be
represented as a decision tree with three main decision criteria that must coexist at the same time.
Each criterion has two primary objectives to be validated for it to be true. When all three criteria are
valid, then the execution can be carried out. Equation (4) illustrates this idea by highlighting the three
required conditions to carry out the assessment leading to decision making. The first criterion is the
distance, where the two serpents are checked for their proximity from the event. The second is idleness
and the last criterion is color matching.(

d1 = min
∧

d2 = min
∧

s1 = min
∧

s2 = idle
∧

cs1 + cs2 = ce1 + ce2
)
⇒ devour = true (4)

(b) Consecutive-Layers: Although prioritization algorithms do not normally deal with events with
interdependencies, a certain type of event was noted with certain interdependencies that require
being tweaked into the Lazy Serpent Algorithm. Consecutive-layers events are those that require
more than one resource to be completed. The required resources must be available in a certain
order. Therefore, consecutive-layers events are considered layered events that change their color
after a serpent completes a layer to become another task that requires another resource. Figure 3d
illustrates this concept by displaying event D that has a green outer layer and a blue sublayer.
Event D will be treated as a green event until a green serpent (resource) is available to complete
it. When completed, event D becomes a blue event and waits for an available blue serpent to
be finalized. The blue serpent cannot tackle event D before the green serpent. Only after the
green serpent is done can the blue serpent tackle event D. In terms of cost, a consecutive-layers
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event will not be charged until completion, i.e., until all layers are resolved. In this figure, the first
layer requires four days to be performed, after which the event will become a blue event and
require eight days to be finalized. On the level of coding and mathematical representation,
consecutive-layers events are considered serpent-specific events based on their initial layer, as in
Equation (3). However, after the primary interaction is completed, the devour command will
trigger another command as in Equation (5), which is the transform command. The command
transforms the event into another event after the serpent-event interaction. The equation displays
the transformation of an event Ai from its first layer (Ai1) to its second layer (Ai2).

devour = true ⇒ trans f orm (Ai1 to Ai2) (5)

Any-Serpent Events (AS)

Another type of event in the field is characterized as those that can be performed by a specific
pool of resources. Thus, the difference between a basic event and an any-serpent event is that any
existing resource can handle basic events, whereas any-serpent events are handled by any serpent
from a predefined group of resources. Thus, as in Figure 3e, an any-serpent event is displayed as an
equilateral triangle that is colored equally by the serpents (resources) capable of handling it. The figure
shows event E is colored half orange and half blue, which means only the blue and the orange serpents
can deal with event E. As a result, whichever of the two serpents is available first handles this task
and has to spend the amount of time tn, which is 8 days in the case of Figure 3e, that is required for
completion. At that time, the serpent is categorized as digesting (unavailable resource), which means
busy and unable to move or leave the location of event E.

Regarding mathematical representation, any-serpent events are similar to serpent specific events
except for the matching condition where the closest serpent must belong to a pool of colors. As in
Equation (6), the serpent is first checked for proximity, then availability and idleness, and finally if it
belongs to a predefined set of colors. Equations 1 through 6 are provided in a pseudocode format in
Appendix A. (

d = min
∧

serpent = idle
∧

colors ∈ {ce1, ce2}
)
⇒ devour = true (6)

2.2.2. Resource Input (Serpent Definition)

All serpents are governed by one single motion or action type called behavior and each serpent is
then defined based on color and consumption as the two main variables. Regarding color, each serpent
can have only one color, which represents the type of action the resource (serpent) could perform.
However, consumption signifies the number of energy resources consumed per time (tn) by the resource.
During the time required by the resource tn, the serpent is unable to move and is referred to by the
term “digesting” (occupied) and stays at the location of the event until the process is complete. Beyond
the completion of an event, the serpents will react according to a predefined behavior that governs
the behavior beyond the task completion. The movement of the serpents by default is considered to
be teleportation, where serpents move immediately to the nearest serpent. In future iterations of the
algorithm, travel time could be included for better estimates.

The overall behavior defines the way the serpent behaves after devouring an egg (completing an
event) and these reactions are divided into two main categories:

i. Returning behavior assumes that all serpents will return to their headquarters, i.e., the point
of origin specified by the user, which is default set at (0, 0, 0). Therefore, whenever a serpent
(resource) finishes a task, the serpent will return to the origin point to select the next best
event to tackle. Figure 4a displays this behavior as all serpents first set out to their targets and,
after completing each task, the serpents shall return to the point of origin. Since the green
serpent had the event with the lowest time consumption, it returns to the origin first and it
immediately sets on to go to a new target if it exists, whereas the orange serpent would be the
last to return to the origin point due to having its event requiring the most time.
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ii. Establishing behavior—In practice, not all resources return to their starting point once they
finish the task they are assigned. Rather, the resource would search for the problem nearest to
its location to tackle it. Thus, the concept of establishing serpents or establishing behavior was
developed to simulate the reality on the field. Establishing serpents can establish new origins
as they are on their paths to determine the next best solution. Establishing serpents are divided
into two main categories, independent and pack mode, which are defined as follows:

(a) Independent—In this category, it is assumed that each resource selects the location of the
finished task and establishes its respective location as a new point of origin. Immediately
after setting the new point of origin, the serpent moves to select the event location closest
to the newly established origin and solves it. After solving the second event, the serpent
establishes the new location as a new origin point and this process goes on. Figure 4b
illustrates the approach with more clarity. As highlighted, all serpents start at the origin
point (0, 0, 0) and then move towards their targets. Later, after completing their tasks,
each serpent has its origin point and it selects its next target accordingly.

(b) Pack Mode—In some situations, a moving resource will be referenced as a strategic
point or a moving command center that other units have to return to when they are done.
Thus, a pack mode behavior requires the central resource to be selected and identified.
The chief resource becomes the origin point as it moves and all other serpents have to
return to the current location of the chief serpent (central resource) before going onto
their next target. Figure 4c displays this behavior by showing the chief blue serpent at
the origin point before each serpent embarks on its task. After completion, all serpents
return to the blue serpent’s current location before heading off to their new tasks.Water 2020, 12, x 3 of 26 
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2.2.3. Boundaries

Boundaries are the third factor in setting the lazy serpent field. Although boundaries are not
a must, they are critical to the decision-making process as they represent the constraints that the
decision-maker, e.g., municipalities and project managers, have at hand. The primary two constraints
for the Lazy Serpent Algorithm are time and energy (cost). Time as a constraint represents the total
amount of time consumed by the overall algorithm and energy represents the cost consumed by the
project. However, energy is a general term, too, as money might not be the only resource of concern
that is consumed by the project.

Based on what is discussed above, the governing factor is the relationship between benefit and
cost. This relationship is predetermined based on the type of problem. For the problem of leak repair,
all leaks are assumed to be deteriorating, and therefore the faster they are repaired, the better it is for
saving precious water resources and minimizing their impending damage. Based on this assumption,
the benefit of an event is the collected value of its current point. For example, an event H is repaired
when it reaches the point (4, 7, 6) in the 3D space. Therefore, its benefit is btH = 4 + 7 + 6 = 17. Further
illustration is provided by Equation (7), where the benefit at termination btH is equal to the summation
of the end of repaired-event coordinates in the 3D space. When an event is being resolved it ceases to
move, thus the assumption would be that an event does not get worse during repair, and accordingly,
it remains at the same point in the 3D system.

bti = xti + yti + zti (7)

However, the cost is the summation between the cost needed (cni) by the event and the resource
operational costs calculated by multiplying the time needed for repair (tni) by the cost rate of the
resource (rcs). The illustration of this concept can be found in Equation (8), where each event has its
own overall cost.

COi = cni + (tni × rcs) (8)

Based on the two event equations, the total benefit of a solution is the summation of all the benefit
values of all the events that comprise the selected solution, as displayed in Equation (9). The equation
shows the approach to determine the total benefit (B) of a solution by calculating the respective benefits.
Letter n refers to the total number of events within the solution.

B =
n∑

i=1

bti (9)

Similarly, the total cost of a solution is the summation of the costs of all the events comprising
this solution, as in Equation (10), where the total cost (C) is the sum of all the events in the solution
whose number is n. Moreover, the benefit-to-cost ratio is the division of B from Equation (9) over C
from Equation (10).

C =
n∑

i=1

COi (10)

Thus, the following approaches are identified:

i. Free/Unbound—The primary assumption in the unbound setup is that energy (money) and
time are abundant and can be spent openly. The field of the algorithm has no constraints and
thus the algorithm runs until all events are completed and solved. Furthermore, the algorithm
tries to figure out the best path with the lowest time and energy consumption. Equation (11)
illustrates the optimization goal of this mode, which is to find the maximum benefit-to-cost
ratio for all possible schedules.

max
{B

C

}
(11)
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ii. Time-Bound—In this approach, it is mainly assumed that energy (fund) is abundant but time is
scarce. Thus, a time limit (T) exists, forcing the algorithm to stop after the running time (trun)
reaches the time limit (T). Thus, the main aim of the algorithm is to maximize the benefit-to-cost
ratio within the time limit regardless of cost. In Equation (12), the previously mentioned
conditions and goals can be summarized by an optimization equation.

max
{B

C
/trun ≤ T

}
(12)

iii. Energy Bound—The exact reverse of a time boundary is an energy boundary (E). The main
assumption is that time is abundant and holds no constraints whereas funds are scarce and
must be efficiently allocated. Therefore, the algorithm tends to maximize the number of tasks
performed for a specific amount of energy (funds). Equation (13) displays the approach of
maximizing the benefit-to-cost ratio for a maximum allotted energy or fund (E) that the solution
expenditure or cost (erun) must never exceed.

max
{B

C
/erun ≤ E

}
(13)

iv. Dual Boundaries—The main condition under this boundary is that both energy and time are
scarce. Thus, the algorithm tends to maximize the number of tasks performed within the limits
of time and energy, as displayed in Equation (14).

max
{B

C
/trun ≤ T, erun ≤ E

}
(14)

The optimization equations above can be summarized in Equation (15). The main objective is to
maximize the benefit of the incurred expenses, taking into consideration a specific timeline and overall
budget. One or both constraints can be removed depending on the user’s needs.

max B
C

s.t. :
trun ≤ T
erun ≤ E

(15)

Another field setup is the threshold. A threshold in the Lazy Serpent Algorithm is a set of values
on each plane that represents a borderline that the user, e.g., municipalities, prefers not to cross at all
costs. A threshold is made of three planes with specific values along with the intersection with the
origin planes. Not all axes need to have thresholds; it is possible to have all or none. A threshold
represents the worst condition from the eyes of the user; thus, if an event crosses a threshold, the event
has crossed into an undesirable condition. Once an event or multiple events cross the threshold,
the Lazy Serpent Algorithm notifies the user that there might be a need to increase the number of
resources to prevent further events from crossing the threshold.

2.2.4. Proposed Solution: Inverse Pyramid

To solve the lazy serpent problem, a greedy solution is proposed, where the serpent tries to
maximize the number of events consumed. The solution imagines the 3D space events in a planar
space that consists of the points of distance calculated previously. The first event to be selected is the
event with the lowest distance since it fits the budget and time constraints, as shown in Figures 5
and 6. Figure 5 shows that the algorithm starts with an initially assigned population of all the events
under analysis. Whenever an event is contained, a new plane is created without the handled event.
The selected mode of analysis is then performed on the new plane and the cycle is repeated until all
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constraints are met. Hence, the name “inverted pyramid” solution, where the solution starts with the
complete population at first and then proceeds to develop new populations that are smaller than the
earlier populations due to the eliminations process. The selected event is then removed from the plane
and is replaced with infinity, and a new plane is formed with an updated time that adds the repair
time taken to repair the event. The solution would continue to run and eliminate solutions until it hits
either the budget or the time constraint.Water 2020, 12, x 3 of 26 
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Figure 6 further illustrates the form of updating the equations of the solution. Initially, erun is
equal to zero and, after initialization, the first event is selected. If the event meets the repair criteria,
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then it is repaired and its cost is added to erun, which continues to update itself based on this criterion
until it meets the budget constraint or finds no more available events for repair. Similarly, time is
updated with the same fashion using the variable trun, which keeps on selecting and updating events
simultaneously with erun. If one event does not meet the criteria of both equations, then the event is
dropped, and the code would try to find another event that fits the criteria.

2.3. Genetic Algorithm Comparative Model

The genetic algorithm is one of the most widely used evolutionary algorithms that proved its
efficiency in handling multiple conflicting objectives directly and simultaneously [22–24]. The first
stage involves creating a random population of solutions where the solutions are represented in the
form of a string called “chromosomes” or “individuals.” In genetic algorithms, a solution to a problem
is an “individual” and the group of solutions in each stage is a “population.” In the second stage,
a new population of individuals is created and called “generation.” A fitness function is used to assess
different chromosomes. There may be more than one fitness function in the case of multiobjective
optimization. The fitness of each chromosome is determined by evaluating it against the objective
function. The third stage encompasses the selection of chromosomes. The selection process determines
which chromosomes will mate to form new chromosomes. There are different types of chromosomes
selection strategies: roulette wheel selection, rank selection, steady-state selection, elitism, Boltzmann
selection, and tournament selection. The fourth stage is to perform a crossover. Crossover is a very
important process to generate an offspring between two chromosomes or individuals. There are
different types of crossover: single point, two point, and uniform. The fifth stage is to perform mutation.
The mutation gene is chosen randomly. The process of mutation occurs by looping through all genes
of individuals and if a gene is selected for mutation, the gene will be changed by a small value or it
will be replaced by a new value. The mutation is done to ensure that individuals are not the same and
to ensure genetic diversity within the population. The mutation is also performed to avoid stagnation
around local minima. The mutation rate is usually less than 0.1. Finally, a population is generated in
each generation, and the above processes continue for a certain number of iterations. The chromosomes
in the final iteration are the solutions.

To compare the Lazy Serpent Algorithm to other algorithms, a genetic algorithm model was
developed. The model aimed to utilize an approach similar to that of the lazy serpent such that it uses
a 3D environment with motion variables such as costs and time. The purpose of the genetic algorithm
model was to identify the schedule with the best benefit-to-cost ratio. For the development of this
model, the evolver tool by Palisade was used with an Excel sheet. The following settings were used for
model development: (1) crossover rate = 0.8, (2) mutation rate = 0.05, and (3) tournament selection
was utilized as the parent selection method.

Figure 7 displays the methodology used to develop the genetic algorithm model for prioritization.
The first stage was to identify the main assessment criteria via literature review and common practices.
The second stage was to select the three main criteria for assessing each repair event. The next step
was to identify the initial condition of each leak and then, based on historical data, to predict the decay
and deterioration equations of the leak as a function of time. Furthermore, leak costs and repair costs
were identified to finalize the process that defined the inputs. Before launching the genetic algorithm
model, the benefit–cost relationship amidst the defined criteria should be identified to be maximized.
For this model, a fundamental relationship between the cost and the factors was developed and is
illustrated in Equation (16); the equation assuming that a leak is repaired in the best state and what
remains is savings and benefits. The factors L, M, and N represent the adjustment factors for a specific
measure and are used to identify the impact of each factor on the benefit–cost relationship [25,26].

B
C

=
L xi + M yi + N zi

ci
(16)

where:
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- B/C = benefit-to-cost ratio;
- x, y, and z = main assessment factors;
- L, M, and N = factor adjustment weights;
- I = represents the number of the event under study;
- ci = cost of repairing the event i.
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The optimization goal can be summarized in Equation (17). The goal is to maximize the total
value of the benefit-to-cost ratio such that the total cost (erun) is less than the budget (E) and the total
time required to finish the tasks (trun) is less than the allocated time (t). The variable erun is the total
cost spent on the completed repairs and trun is the total time used to complete the repairs.

max
∑ B

C T

∣∣∣∣∣∣ Such that
{

erun ≤ Budget(E)
trun ≤ TimeScheduled(T)

(17)

3. Results and Discussion

In this section, the models for schedule optimization are implemented in an example and their
results are presented and compared. First, the implementation and results of the GA model are
presented and the multiple aspects and results of implementing the Lazy Serpent Algorithm are
discussed. The aim is to find the optimal order for repairs that maximizes the value of the money spent.

3.1. Genetic Algorithm Model Implementation and Results

A fictitious sample was prepared to test the developed genetic algorithm prioritization model.
The sample consists of 10 main events that are decaying linearly and have three main assessment criteria
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extracted from literature (i.e., condition, criticality, and consequence of failure (COF)). The values of
the assessed factors were generated randomly, as well as their repair periods and repair costs. Table 1
displays the overall input for constructing the genetic algorithm model. The variable the algorithm
tries to optimize is B/C. Furthermore, time requirements and costs are stated for each required repair.
For this example, the algorithm is given the time to run all possible scenarios and select the best
alternative. Additionally, the algorithm has no constraints regarding time or budget.

Table 1. Genetic algorithm input and output Excel sheet (COF, consequence of failure; B/C,
benefit-to-cost ratio).

ID Order Condition Criticality COF
Repair
Period
(Days)

Repair
Cost
($)

Condition
at Repair Criticality COF B/C

1 1 75 50 13.88 5 100 75 50 13.88 13.89
2 3 50 10 74.38 12 200 48.72 10 74.38 6.65
3 6 65 40 60.79 9 400 61.56 40 60.79 4.06
4 7 90 30 55.8 15 250 85.84 30 55.8 6.87
5 10 65 80 46.24 18 600 57.48 80 46.24 3.06
6 5 40 40 80 10 348 37.36 40 80 4.52
7 8 70 30 20 15 254 64.64 30 20 4.51
8 4 30 40 50 5 645 27.76 40 50 1.83
9 2 70 60 20 11 200 69.6 60 20 7.48
10 9 20 80 20 12 350 13.44 80 20 3.24

B/C Sum = 56.11

The algorithm requires 68 min to arrive at the optimal solution after testing all the possible
scenarios. The total number of trials is 28,385, of which 15,456 trials are valid. Figure 8 displays
the improvement path of the solution throughout trials, from the initial solution of 55.85 to 56.11 in
benefit-to-cost ratio.
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To establish an equal ground for comparison with the GA model, only one serpent was utilized.
Since only one serpent was utilized, all events can be considered all-serpent events. Based on that,
the optimized schedule and repair order for the maximized benefit-to-cost ratio is shown in Figure 9,
where the optimal order of the previous example is displayed as the following order of events: 1, 3, 6,
7, 10, 5, 8, 4, 2, and 9.Water 2020, 12, x 3 of 26 
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3.2. Lazy Serpent Model Comparative Results

The Lazy Serpent Algorithm is compared to the genetic algorithm using the same sample data in
the previous section. Multiple instances of the Lazy Serpent Algorithm are run with different selection
criteria definitions. The aim is to explore the aspects of the lazy serpent and see the extent of its power
as a prioritization algorithm. Figure 10 displays the interface of the lazy serpent software developed
using MATLAB which is produced by MathWorks in Massachusetts, USA. The interface consists of
multiple parameters, first the codename where the user inputs the name of the event to be scheduled.
The codename can be numeric or alphabetic or a mixture of both. The next set of parameters is A0, B0,
and C0, which represent the initial condition upon the discovery of the event at the point of assessment.
The second set of variables is f(A), f(B), and f(C), which represent the change in the condition of each
event. In this example, all events deteriorate in one plane and the deterioration function is −0.08 *t.
Moreover, two variables to identify the required time and cost for each event are added under the
tabs Time Required and Cost. Finally, the constraints are added via the Time Constraint and Budget
Constraint. The Lazy Serpent Algorithm is run with three different selection criteria: (1) the basic Lazy
Serpent Algorithm, which consists of selecting the worst condition event each time and eliminating it;
(2) the inverse lazy serpent, which selects the best event each time; and (3) the selective lazy serpent,
which aims at selecting the most deteriorating event through projection. If two events have equal
deterioration factors, the one with the lowest price will be selected; if the price is the same, then the
algorithm will move to select the one with the minimum required time. If all factors of selection are
equal, an event will be chosen randomly.
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3.2.1. The Basic Lazy Serpent Results

The basic lazy serpent selects the closest event to the origin. Then, it selects the most deteriorating
events first and goes upwards until it meets a constraint, or it finishes all the available events. Figure 11
shows the results presented by the basic lazy serpent with deterioration preference as follows: starting
with event 8, followed by event 7, event 10, event 2, event 1, event 9, event 3, event 6, event 4, and event
5. The algorithm requires 6 s to come up with this solution, as the lazy serpent does not search for
all possible outcomes like the genetic algorithm. On the contrary, it goes immediately towards an
expected solution. The quality of the solution is measured by the final benefit-to-cost ratio calculated by
assuming the remaining three-dimensional values at the point of repair initiation as benefits. The final
benefit-to-cost ratio of the proposed solution is calculated to be at 55.81 or 5.581, which is slightly less
than that of the first-in-first-out approach.
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3.2.2. The Inverse Lazy Serpent Results

The inverse lazy serpent relies on selecting the farthest events from the origin. In other words,
it selects the best events available. The inverse lazy serpent presents a different order from the basic
lazy serpent. The schedule starts with event 5, followed by events 4, 6, 3, 9, 1, 2, 10, 7, and event 8,
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as illustrated in Figure 12. The benefit-to-cost ratio measures the quality of the solution. The ratio is
calculated to be 55.31 or 5.531 and the algorithm requires 6 s to arrive at the proposed solution.Water 2020, 12, x 3 of 26 
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3.2.3. The Selective Lazy Serpent Results

The selective lazy serpent has more advanced decision-making and selection criteria. The selective
lazy serpent aims to select events with a higher deterioration rate than other events, thus it selects the
most deteriorating event first. Furthermore, in case deterioration factors are equal between two events,
the serpent moves ahead to select the one with the lowest price; if the price between two events is
equal, the serpent moves to select the one with the lowest time requirements. Finally, if all the aspects
are equal, the lazy serpent randomly selects an event from the pool. The results of the selective lazy
serpent can be viewed in Figure 13. The proposed schedule starts with event 1, followed by event 9,
event 2, event 4, event 7, event 6, event 10, event 3, event 5, and event 8. The time required for the
development of this solution is 20 s and the benefit-to-cost ratio of the solution is calculated to be 56.19
or 5.619.
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3.3. Comparative Analysis of Scheduling Results

All the scheduling results previously mentioned are summarized in Table 2. Table 2 compares and
analyzes the impact of each approach. The approaches and algorithms under study are (1) inverse lazy
serpent, (2) basic lazy serpent, (3) first-in-first-out (FIFO), (4) genetic algorithm, and (5) selective lazy
serpent. The initial benefit-to-cost value of the FIFO approach is calculated, and it is 5.585 value per
dollar. Although the results are comparatively good, the FIFO approach cannot be relied on to construct
a schedule regularly, as it is random and unpredictable, and thus its results can be good or bad with
no consistency. The inverse lazy serpent gives the least benefit-to-cost ratio and therefore it can be
concluded that leaving the worst for last can be a wrong approach and costlier than the remaining
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approaches. The basic lazy serpent has more acceptable results with a value of 5.581, which is close to
the original 5.585 presented by the FIFO approach. Both the inverse lazy serpent and the basic lazy
serpent require 8 s to give their results, which is considerably fast. The genetic algorithm presented the
first improvement to the schedule with a benefit-to-cost ratio of 5.611, which is higher than those of the
FIFO approach, the inverse lazy serpent, and the basic lazy serpent. The genetic algorithm requires
67 min to solve because the genetic algorithm tries to search throughout all the possibilities to arrive at
a feasible solution. Finally, the selective lazy serpent gives a solution with the highest benefit-to-cost
ratio with a value of 5.619 or 56.19. The selective lazy serpent requires 20 s to develop and present the
schedule. The main reason for the selective lazy serpent is surpassing the genetic algorithm in terms of
computational time is that the selective lazy serpent goes immediately towards building a solution,
which contrasts with inspecting multiple options, as done by the genetic algorithm.

Table 2. Comparison of prioritization models (FIFO, first-in-first-out).

Algorithm/Approach Inverse Lazy
Serpent

Basic Lazy
Serpent FIFO Genetic

Algorithm
Selective

Lazy Serpent

Results (B/C ratio) 5.531 5.581 5.585 5.611 5.619
Time Consumed 8 s 8 s 0 67 min 20 s

Statistical analysis is an important approach that demonstrated its capability in evaluating
machine learning models [27] and metaheuristic optimization algorithms [28]. In this context,
nonparametric testing is applied to evaluate the statistical significance levels of the optimization
algorithms in prioritizing leak repairs. This is accomplished using Wilcoxon test, binomial sign test,
and Mann–Whitney U test models at a significance level of 0.05 [29]. The statistical tests performed
examine the null hypothesis (H0), which implies that there is no significant difference between the
optimization results. On the other contrary, the alternative hypothesis (H1) implies that there is
a significant difference between the classification results obtained from each pair of optimization
algorithms. If the p− value is less than the significance level, then the null hypothesis is rejected in favor
of the alternative hypothesis. Nonetheless, if the p− value is more than the significance level, then the
null hypothesis is accepted. Tables 3–5 report the p− values of the optimization algorithms, capitalizing
on the Wilcoxon, binomial sign, and Mann–Whitney U tests. As can be seen, the p− values of the pairs
(Selective Lazy Serpent, Inverse Lazy Serpent), (Selective Lazy Serpent, Basic Lazy Serpent), (Selective
Lazy Serpent, FIFO), (Selective Lazy Serpent, Genetic Algorithm), and (Selective Lazy Serpent, Selective
Lazy Serpent) for all the tests are less than 0.05. This implies that the selective Lazy Serpent Algorithm
significantly outperformed other optimization algorithms in prioritizing leak repairs.
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Table 3. Statistical comparison between the optimization algorithms based on the Wilcoxon test.

Pair of Algorithms Inverse Lazy Serpent Basic Lazy Serpent FIFO Genetic Algorithm Selective Lazy Serpent

Inverse Lazy Serpent H0 (p− value = 1) H1 (p− value = 2.7 × 10−3) H1 (p− value = 2.7 × 10−3) H1 (p− value = 7.69 × 10−3) H1 (p− value = 2.7 × 10−3)
Basic Lazy Serpent H1 (p− value = 2.7 × 10−3) H0 (p− value = 1) H1 (p− value = 2.7 × 10−3) H1 (p− value = 7.69 × 10−3) H1 (p− value = 2.7 × 10−3)

FIFO H1 (p− value = 2.7 × 10−3) H1 (p− value = 2.7 × 10−3) H0 (p− value = 1) H1 (p− value = 7.69 × 10−3) H1 (p− value = 2.7 × 10−3)
Genetic Algorithm H1 (p− value = 7.69 × 10−3) H1 (p− value = 7.69 × 10−3) H1 (p− value = 7.69 × 10−3) H0 (p− value = 1) H1 (p− value = 7.69 × 10−3)

Selective Lazy Serpent H1 (p− value = 2.7 × 10−3) H1 (p− value = 2.7 × 10−3) H1 (p− value = 2.7 × 10−3) H1 (p− value = 7.69 × 10−3) H0 (p− value = 1)

Table 4. Statistical comparison between the optimization algorithms based on the binomial sign test.

Pair of Algorithms Inverse Lazy Serpent Basic Lazy Serpent FIFO Genetic Algorithm Selective Lazy Serpent

Inverse Lazy Serpent H0 (p− value = 1) H1 (p− value = 0) H1 (p− value = 0) H1 (p− value = 0) H1 (p− value = 0)
Basic Lazy Serpent H1 (p− value = 0) H0 (p− value = 1) H1 (p− value = 0) H1 (p− value = 0) H1 (p− value = 0)

FIFO H1 (p− value = 0) H1 (p− value = 0) H0 (p− value = 1) H1 (p− value = 0) H1 (p− value = 0)
Genetic Algorithm H1 (p− value = 0) H1 (p− value = 0) H1 (p− value = 0) H0 (p− value = 1) H1 (p− value = 0)

Selective Lazy Serpent H1 (p− value = 0) H1 (p− value = 0) H1 (p− value = 0) H1 (p− value = 0) H0 (p− value = 1)

Table 5. Statistical comparison between the optimization algorithms based on the Mann–Whitney U test.

Pair of Algorithms Inverse Lazy Serpent Basic Lazy Serpent FIFO Genetic Algorithm Selective Lazy Serpent

Inverse Lazy Serpent H0 (p− value = 1) H1 (p− value = 4.66×10−5) H1 (p− value = 4.66 × 10−5) H1 (p− value = 1.61 × 10−4) H1 (p− value = 4.66 × 10−5)
Basic Lazy Serpent H1 (p− value = 4.66 × 10−5) H0 (p− value = 1) H1 (p− value = 4.66 × 10−5) H1 (p− value = 1.61 × 10−4) H1 (p− value = 4.66 × 10−5)

FIFO H1 (p− value = 4.66 × 10−5) H1 (p− value = 4.66 × 10−5) H0 (p− value = 1) H1 (p− value = 1.61 × 10−4) H1 (p− value = 4.66 × 10−5)
Genetic Algorithm H1 (p− value = 1.61 × 10−4) H1 (p− value = 1.61 × 10−4) H1 (p− value = 1.61 × 10−4) H0 (p− value = 1) H1 (p− value = 1.61 × 10−4)

Selective Lazy Serpent H1 (p− value = 4.66 × 10−5) H1 (p− value = 4.66 × 10−5) H1 (p− value = 4.66 × 10−5) H1 (p− value = 1.61 × 10−4) H0 (p− value = 1)
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4. Conclusions

The Lazy Serpent Algorithm was inspired by the need to solve a combinatorial optimization
problem with a variety of constraints. Accordingly, the user can replicate the model by imaging the
optimization problem they are tackling in a dynamic three-dimensional environment that changes
with time. They need to identify their resources first, the events they are tackling second, the changes
through time third, and finally their constraints.

The Lazy Serpent Algorithm provides a reliable approach to the prioritization of goals that
change over time. The approach provides quick results that can be adapted and updated regularly
to suit incoming new data or to remove old and resolved data. When compared with the genetic
algorithm, some selection criteria provided results that are close to the genetic algorithm’s result
but with comparatively lower computational time. Additionally, one selection criterion provided a
much better result within a much lower computational time as well. A further comparative analysis
was conducted to investigate the statistical significance levels of the optimization algorithms. In this
context, it was inferred that the selective Lazy Serpent Algorithm significantly outperformed other
optimization algorithms in prioritizing leak repairs. This has been confirmedby the results obtained
from the Wilcoxon, binomial sign, and Mann–Whitney U tests. This can provide municipalities with
high improvements on the returns of their investments compared to the conventional approaches that
are used.

Based on what preceded, it is safe to deduce that the lazy serpent can provide efficient and
practical prioritization and scheduling for decision-makers in any field. Noting that the Lazy Serpent
Algorithm outperformed the widely used genetic algorithm in terms of result quality and time, the lazy
serpent still has great potential for improvement. The aforementioned results were also validated by a
variety of statistical tests and assessments.

The Lazy Serpent Algorithm still has room for improvement by integrating other forms of event
definition and selection criteria, for example, by utilizing probabilistic functions as simulation engines
to define repair times more accurately. Another aspect of improvement to be studied is the integration
with chaotic mechanisms. Surveying this option may help uncover better search modes for the
serpents and therefore generate better results. Furthermore, the optimization model can be extended
to encompass simulation of sustainability and environmental performance aspects.
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Appendix A

Pseudocode

Equation (1)

• Allocate data space
• Input event function in the x direction
• Input event function in the y direction
• Input event function in the z direction
• Input event repair time
• Input event repair cost
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• Store event

Equation (2)

• Develop event distance from origin point based on coordinates
• Check for an idle serpent
• If serpent(s) is(are) not idle at time T more to time (T + 1)
• If serpent is idle resolve event with the least distance
• Add repair time of event to time elapsed
• Add repair cost of event to total costs

Equation (3)

• Develop event distance from origin point based on coordinates
• Check for an idle serpent
• If serpent(s) is(are) not idle at time T more to time (T + 1)
• If serpent is idle check if the color of the event matches the color of the serpent
• If the color does not match check other serpents
• If no serpents are available move time (T) to time (T + 1)
• If serpent color matches resolve the event
• Add repair time of event to time elapsed
• Add repair cost of event to total costs

Equation (4)

• Identify simultaneous event
• Check if distance to serpent 1 is minimum

• If true proceed to check serpent 2
• If false, skip event, handle closest event instead

• Check if distance to serpent 2 is minimum
• Check if color of serpent 1 and color of serpent 2 are equal to the colors 1 and 2 of the event

• If true resolve the event

• Add repair time of event to time elapsed
• Add repair cost of event to total costs

Equation (5)

• Identify if event is consecutive

• If true

• Check if event is resolved (If true: create successor event at the same coordinates)

Equation (6)

• Identify any serpent event

• Check if any idle serpent is at minimum distance

• If true

• Check if serpent color belongs to the allowed color range (If true: (1) Resolve
event, (2) Add repair time of event to time elapsed, (3) Add repair cost of event to
total costs)
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