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ABSTRACT 

 

 
Groundwater remediation is conducted in polluted sites to remove contaminants and to 

restore ground water quality. After remediation goals are achieved, long-term groundwater 

monitoring (LTM) that can span decades is required to assess the concentration of residual 

contaminants and to avoid the risk of human health and environment. On large remediation sites, 

the cost for maintaining a LTM network, collecting samples, conducting water quality lab 

analysis can be a significant, persistent and growing financial burden for the private entities and 

government agencies who are responsible for environmental remediation projects. LTM network 

optimization offers an opportunity to improve the cost-effectiveness of the LTM effort while 

meeting data accuracy requirements. The optimization includes identifying the redundancy in the 

monitoring network, and recommending changes to protect against potential impacts to the 

public and the environment. 

 

This study develops a variant ant colony optimization (VACO) method, using ordinary 

kriging (OK) or inverse distance weighting (IDW) for data interpolation, to identify optimal 

LTM networks that minimize the cost of LTM by reducing the number of monitoring 

locations with minimum overall data loss.  ACO is a global stochastic search method inspired 

by the collective problem-solving ability of a colony of ants as they search for the most efficient 

routes from their nests to food sources. 

 

The performance of ACO variant (VACO) developed in this study is evaluated separately 

in two test cases.  In the first case, VACO is used to solve a simplified traveling sales person 

problem. In the second case, both enumeration method and VACO are employed for 

optimization of a synthetic long term monitoring network of 73 wells generated from a 

groundwater transport simulation model. The two sets of test show that the VACO performs 

well for optimization problems. The VACO is finally adopted for the optimization of a long 

term monitoring network of 30 wells in Logistic Center, Washington, with the data interpolation 

methods of inverse distance weighing, ordinary kriging, and modified inverse distance weighing 

which is developed in this study. The optimization results are analyzed and group of ideal 

redundant wells identified. The conclusion of this study is summarized at the end, and future 

work is suggested. 
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CHAPTER 1 

 

INTRODUCTION 

 

 
1.1 Research Objectives 

 

Groundwater is the water stored in underground spaces like natural cracks, caves, 

channels, or spaces between soil particles. Groundwater plays important rules in our 

life, supplying drinking water for 51% of the total U.S. population. In Florida, groundwater 

provides drinking water supplies for approximately 96% of the rural population (R. Marella , 

2008). Groundwater recharges lakes, rivers, wetland, and provides water for irrigation and 

many industry processes. 

 

Unfortunately, groundwater aquifers, especially shallow, permeable water table aquifers 

as those in Florida, are susceptible to pollution in many ways and from many sources, both 

natural and human-induced. Naturally occurring chemicals, leached from soil or rocks by 

percolating water, dissolve in groundwater and can contaminate groundwater with 

concentrations exceeding federal or state drinking water standards. Human activity is another 

primary source of groundwater contamination, such as gasoline and oil spilled on road or 

leaking from underground storage tanks, road salts, septic tanks, agricultural activities, and 

landfill leachate.  

 

Groundwater remediation and treatment is conducted in polluted sites to remove 

contaminants and to restore ground water quality. The widely used treatment methods include 

pump and treat, air sparging, in situ bioremediation, chemical oxidation and phytoremediation, 

and monitored natural attenuation. The selection of the treatment method(s) depends upon site 

specific physical, chemical and hydrological conditions. The characteristics of contaminants 

and available funding are also relevant.  After remediation goals are achieved, long-term 

groundwater monitoring (LTM) is required for up to 30 years (Li and Chan Hilton, 2006). The 

objectives of maintaining and operating LTM network include one or more of the following 

functions:  ―(1) Validate the conclusions of a remedial investigation/feasibility study ; (2) 

Determine if contamination is migrating off  site or off base; (3) Determine if contamination 

will reach a receptor (such as a drinking water supply well); (4) Track contaminants 
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exceeding some standard; (5) Track the changes in shape, size, or position of a contaminant 

plume; (6) Assess the performance of a remedial system (including monitored natural 

attenuation); (7) Assess the practicability of achieving complete remediation; (8) Satisfy 

regulatory requirements‖ (U.S. Navy, 2000). 

 

 At large remediation sites, the cost of maintaining and operating a LTM network over 

large number of sampling locations with numerous contaminants for frequent monitoring for 

decades can be a significant, persistent and growing burden for the private entities and 

government agencies responsible for environmental remediation projects. Moreover, the LTM 

networks, which are usually adopted from the existing site characterization networks during 

remediation phase (Reed, et. al., 2000), may not be suitable for LTM purposes. In some cases, 

as the monitored site becomes stable, and the extent of contamination diminishes, monitored 

parameters become more predictable, it may be feasible to reduce the monitoring frequency, 

locations, and analytical requirements while meeting monitoring goals and data sufficiency.  In 

other situations, the site condition, such as the variation of landscape and/or stream direction 

with time, may affect the distribution of residual contaminants.  As a result, the existing LTM 

network may not be sufficient to catch the changes of sites.  LTM optimization (LTMO) 

offers an opportunity to improve the cost-effectiveness of the LTM effort by assuring that 

monitoring network collects sufficient data with an appropriate low cost. The optimization 

includes identifying the redundancy or insufficiency in the monitoring network, and 

recommending changes to protect against potential impacts to the public and the environment 

with minimal cost. 

 

This study develops a variant of the ant colony optimization (VACO) method for the 

LTMO spatial redundancy problem, which is to identify the redundant wells in LTM network 

while satisfying data accuracy requirements. Two traditional data interpolation methods, 

including ordinary kriging (OK), and inverse distance weighting (IDW) and modified inverse 

distance weighting (MIDW)  are incorporated with the VACO for the overall LTMO model.   

 

The performance of the developed VACO method is evaluated by first applying the 

method to simplified traveling sales person problem and analyzing the solution, and second 

applying the method to a spatial optimization of a synthetic LTM network which is generated 
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with the advection and dispersion equation of a non-reactive contaminant in a homogeneous 

aquifer. The optimization results are compared with the results of the enumeration optimization 

to show the reliability of VACO.  Finally, the ACO method is applied to a LTMO problem 

using a set of field data, and results are discussed.  

 
1.2 Structure of the Dissertation 

 

This dissertation consists of 7 chapters. The literature review of this research study 

is presented in Chapter 2. Chapter 3 introduces stochastic optimization method, ant 

colony optimization (ACO), traveling sales person problem (TSP), and three data 

interpolation methods including inverse distance weighted (IDW), ordinary kriging (OK) 

and a modified inverse distance weighting (MIDW) which is developed in this study.  

Chapter 4 describes the metaheuristic of classic ant colony optimization first, and then 

presents the metaheuristic of the variant ant colony optimization (VACO) developed in this 

study. The algorithm of this new VACO for LTM spatial sampling optimization 

problems is discussed in details. Chapter 5 presents the generation of a synthetic LTM 

network, and analyzes data interpolation with IDW, and OK. VACO and enumeration method 

are applied to the synthetic LTM individually for comparison. The reliability and efficiency of 

the developed VACO model for LTMO is discussed in this chapter. Chapter 6 demonstrates 

the applications of the developed VACO model to spatial optimization of a real world 

problem with the support of IDW and OK.   Chapter 7 summarizes the major 

contributions of this dissertation and outlines possible future research work and 

enhancement. 
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CHAPTER 2 

 

LITERATURE REVIEW 

 

 
This chapter summarizes the problems which the groundwater remediation teams 

usually confront in LTM practices in Section 2.1.  Section 2.2 reviews the recent progress 

in optimizing LTM networks, especially those with spatial redundancy. Section 2.3 

discusses the progress in research and applications of ACO. Relevant literature on data 

interpolation using inverse distance weighting (IDW) and ordinary kriging (OK) are 

reviewed in Section 2.4. 

 

2.1 Groundwater Long Term Monitoring (LTM) 

Optimization Problem 

 

Groundwater monitoring network (GMN) is an indispensable installation to characterize 

aquifer(s) and to collect water quantity and quality data for environmental agencies to make 

management decisions. During the groundwater remediation, the GMN provides essential 

information for the engineering and scientific team to evaluate the performance of the 

remediation processes, identify possible problems in the processes, and recommend relevant 

solutions. After remediation goals are achieved, long-term groundwater monitoring (LTM) is 

required to monitor the shape, size and migration of residual contaminants plume, and to 

assure the residual contaminant concentration will not exceed established standards, also to 

assess the effect of natural attenuation and the risk of human health and environment (Reed 

and Minsker，2004).   The types of data collected by a LTM network include physical and 

hydrological (such as size and shape of residual contaminant plume, temperature, or hydraulic 

heads), chemical (such as pH, and concentrations of residual contaminants), and biological 

(such as type of bacteria, rate of natural attenuation) (Williams, 2003). LTM can be 

considered as an overall quality assurance of the results of cleanup process and compliance of 

environmental regulations (Welch, 1997). The life span of LTM can be up to 30 years (Li and 

Chan Hilton, 2006). 

 

The remarkable problems with LTM networks include financial issues and data accuracy. 

At large sites, due to the large number of monitoring locations, frequency of sampling, 
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and number of constituents to be tested, the cost of maintaining and operating LTM 

networks can be a significant, persistent and growing burden to the those who are responsible 

for the remediation. Meanwhile, LTM networks, which are usually adopted from the previous 

existing GMN during the remediation phase, may not be perfectly suitable for LTM purposes 

(Reed et. al., 2000). As a monitored site becomes stable, the extent of contamination 

diminishes, and monitored parameters become more predictable, it may be feasible to reduce 

the monitoring frequency, locations, and analytical requirements while meeting monitoring 

goals and data sufficiency.  Thus, optimization of the LTM network is financially necessary 

and technically feasible.  

 

The procedures of LTMO can be outlined as following (EPA, 2004): ―1) Define the 

monitoring objectives, parameters/constituents measured, sampling and analytical methods, 

frequency and locations of sampling, and monitoring program costs. In addition, ensure that 

the monitoring program meets both Federal and State regulatory requirements.  2) Determine 

the amount, types and quality of data to collect to fill data gaps, and decide what types of 

analyses will be feasible. Ensure that the data are defensible, come from reputable sources, 

and meet the purpose for which they were collected.  3) Assess and select the LTMO methods 

and tools available to optimize the monitoring program.  4) Perform the optimization. Apply 

the selected tools and methods to develop recommendations for the monitoring program’s 

optimal well distribution and sampling frequency.  5) Assess and implement the results. 

Check the reasonableness of the LTMO results, confirm stakeholder buy-in, and implement 

the recommendations. ‖ 

 

LTM optimization (LTMO) includes identifying the temporal and/or spatial redundancy 

or insufficiency in the monitoring network to optimize the cost-efficiency of LTM network 

while meeting regulatory and other requirements.  The focus of this study is to develop an ant 

colony optimization (ACO) method for identifying spatial redundancy in an existing LTM 

network, with IDW, OK or a modified IDW (MIDW) which is developed in this study for data 

interpolation. 
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2. 2   LTM Spatial Optimization 

  
LTM spatial optimization includes removing spatial redundancy from existing monitoring 

networks or adding new wells to locations where data are not sufficient for a cost-efficient 

management plan (Reed et al. 2000).  Various optimization methods and techniques have been 

developed for the design of cost – efficient LTM network which satisfies site specific data 

accuracy requirements, and those methods are classified into two categories: mathematical 

approaches and statistical analysis (EPA, 2004). 

 

 Geostatistical methods, including kriging and IDW, have been employed by scientists 

and engineers for identifying spatial and temporal redundant wells in existing LTM networks, 

through calculating root mean square error of interpolated values (ASCE Task Committee on 

Geostatistical Techniques in Geohydrology, 1990a, 1990b; Beardsley et al. 1998; Cameron 

and Hunter, 2002; Deutsch and Journel, 1998; Isaaks and Srivastava, 1989; Jones et al. 2002). 

Monitoring and remediation optimization system (MAROS), a decision support system, uses 

a ranking rule-based approach combined with Delaunay triangulation and statistical methods 

to reduce spatial and temporal redundancy (Ling et al., 2004). MAROS applied to site-

specific data that accounts for relevant current and historical site data as well as 

hydrogeological factors. These decision support tools eliminate the most redundant well(s) 

each iteration similar to greedy search procedures, which typically result in suboptimal and 

local optimal solutions, instead of global optimum solutions. They do not have the benefits of 

mathematical optimization methods as well. 

 

Other studies have developed mathematical optimization methods using numerical 

optimization algorithms to maximize or minimize a given objective function subject to 

constraints, with the support of fate-and-transport simulation model and geostatistical data 

interpolation methods such as OK or IDW, to identify a group of redundant wells and 

removing wells that would result in the lowest data loss (Cieniawski et al., 1995; Reed et al., 

2000; Nunes et al., 2004; Li et at., 2006). The commonly used numerical optimization 

techniques include genetic algorithms (GAs), ant colony optimization (ACO).  Reed et al. 

(2000) optimized LTM network by using genetic algorithm for optimization, with 

MODFLOW to predict the plume size and range, geostatistical methods including IDW, 
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kriging, and hybrid of IDW and kinging for data interpolation. Adaptive environmental 

monitoring system (AEMS) uses multi-objective optimization to remove spatial and/or 

temporal redundancies (Minsker et al., 2005). In AEMS, genetic algorithms (GAs) are used to 

obtain optimal designs on the condition that a spatial or spatial-temporal interpolation model 

built from historical data using geostatistical, statistical or analytical approaches. AEMS 

allows for optimal trade-offs to be identified among user-specified performance objectives 

and explicit consideration of uncertainty.  ―The drawback of using simulation models to 

predict contaminant plume movement  is  that   limited   site data or complex 

hydrogeological conditions will lead to uncertainty in the model and input parameters, 

causing errors in the predications and possibly unreliable optimal monitoring networks‖ (Li, 

2006). 

 

2.3 Ant Colony Optimization 

 

Introduced in early 1990’s by Dorigo et al. (1992), Ant Colony Optimization (ACO) 

belongs to the family of swarm intelligence, and it is inspired by the foraging behavior of real 

ants. When ants in a colony go out foraging, they communicate via pheromone which is the 

chemical deposited by ants as they traverse paths. In the same time, pheromone density 

decreases with time by evaporation.  It takes longer time for ants to traverse the long paths 

than short ones, and more pheromone evaporates on longer paths. Consequently, shorter paths 

have higher pheromone density than longer paths, and invite more ants to pass by. The more 

ants follow a trail, the more pheromone is deposited on the trail, and the more attractive that 

trail becomes to later ants. As a result, the shortest path is identified as the ideal path between 

nest and food source, and chosen by all the ants in the colony.  

 

The ACO algorithm started with ant system (AS) (Dorigo, 1992). Since then numerous 

extensions and improvements of the original AS algorithm were developed over years. Ant 

colony system (ACS) algorithm (Dorigo, 1997) and MAX-MIN Ant System (Stiitzle and 

Hoos, 2000) are widely recognized as the most successful versions of those extensions.  Other 

well-performingvariants include Elitist AS (Dorigo, 1992; Dorigo et al., 1997), Rank – based 

AS (Bullnheimer et al., 1997), and Hyper-Cube Framework (Blum and Dorigo, 2004). Further 

discussion of ACO algorithms is present in Chapter 3.  
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ACO algorithms have been applied to a wide class of numerical problems, including 

traffic routing, assignment, scheduling, and bioinformatics problems (M. Patel, et. al., 2014; 

K. Fathima & K. Sindhanaiselvan, 2013; H. Yin & Y. Chen, 2015). In the traveling sales 

person problem (TSP), the shortest route is to be identified for the salesman to visit all his 

cities, so that the start city and the end city are identical and all other cities are visited exactly 

once.  Numerous studies are conducted to address the TSP with ACO（A. Mohsen, 2016; 

Brezina Jr. et al., 2011). The performance of ACO was compared with that of other naturally 

inspired global optimization methods such as simulated annealing, neural network, genetic 

algorithm, evolutionary programming, and a combination of simulated annealing and genetic 

algorithm. The results showed that ACO found paths which are ―at least as good as, and often 

better than, those found by the other methods‖ (Dorigo et al. 1997). The application of ACO 

to assignment problem includes quadratic assignment, frequency assignment, course 

timetabling assignment and graph coloring (N. Demirel
 
and M. Toksari. 2006; R. Chen

 
and H. 

Shih, 2013). Another primary field ACO has been employed is bioinformatics, to tackle some 

challenging problems in molecular biology, computational biology and physical biology, such 

as protein folding, docking, DNA sequencing, and haplotype inference (Benedettini, et al., 

2008; Nardelli et al., 2013), and it is reported to perform better than existing state-of-the-art 

algorithms (Dorigo, 2009). ACO has also be frequently used to resolve routing problems and 

scheduling problems, and this type of applications includes sequential ordering (Gambardella 

& Dorigo,1999), vehicle routing (Montemanni et. al., 2005；Luis Santos et al., 2010), 

autonomous decentralized shop floor routing (Cicierello et al., 2001), and telephone  networks 

routing (Zhao et al., 2010), Multicasting(Hernandez & Blum, 2009), project scheduling ( Xiao 

et al., 2013), car sequencing ( Putha et al., 2012). ACO is proved to be one of the most 

successful and most widely used optimization methods (Dorigo, 2005).      

  
In water resources, the application of ACO includes optimizing pump operations to 

minimize total cost in water distribution system (Wegley et al., 2000), optimal design of water 

distribution system (Maier et al., 2003; Zecchin et al., 2007), optimal design of storm sewer 

network (Afshar, 2009).  Li & Chan Hilton (2006) were the first researchers to introduce 

ACO to groundwater remediation management problems (Li & Chan Hilton, 2006; Li 2006).   

https://search.proquest.com/indexinglinkhandler/sng/au/Fathima,+K+Syed+Ali/$N?accountid=4840
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Ant colony optimization (ACO) as one of the most successful and widely recognized 

optimization algorithmic techniques is a discrete combinatorial computation method inspired 

by the foraging behavior of ant colonies (Dorigo et al., 2004). Li and Chan Hilton (2006) 

applied ACO for the first time to groundwater long-term monitoring network optimization, 

using IDW as the data interpolation method. This study makes significant improvement to 

their work in the ACO algorithm, and in addition to traditional IDW and ordinary kriging, an 

alternative IDW (MIDW) is developed for data interpolation for the LTM optimization as 

well. Performance of ACO in LTM optimization is evaluated by comparing the redundant 

wells it identifies and the related data loss with that of enumeration method, both using IDW 

and Ok for data interpolation.   

 

2.4  Inverse Distance Weighting 

 

Inverse distance weighting (IDW) is the most frequently applied deterministic data 

interpolation method adopted by geoscientists and geographers. According to IDW, the 

attribute value at unsampled locations can be estimated as a weighted average of the values 

available at their neighborhood sampled locations (Shepard, 1968; Franke and Nielson 1980;  

Diodato & Ceccarelli, 2005). The algorithm and methodology of IDW are straightforward, 

easy to compute, and relatively fast (Lu & Wong, 2008). IDW have been chosen by numerous 

scientists in various research areas for geostatistical data interpolation, such as groundwater 

level (Rouhani, 1986), hydrologic variables (Boman G et al., 1995), acid rain precipitation 

(Grimm & Lynch, 1991), soil properties (Laslett et al., 1987; Laslett & McBratney, 1990; 

Gotway et al., 1996; Brus et al., 1996; Schloeder CA et al., 2001), elevation (Wood & Fisher, 

1993).   

 

The general assumption of the IDW interpolation method is that the attribute values of 

any given pair of points are related to each other, and their similarity is inversely related to the 

distance between the two locations.  The distance – decay effect in traditional IDW method is 

represented in the calculation equation by the value of the geometric parameter, α, which 

assumes that the distance-decay structure is uniform throughout entire domain under study. 

To coup with the spatial complexity of the distance – decay relationship which is ignored in 

the general IDW framework, many forms of inverse-distance weights have been developed 
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(Cressman, 1959; Liu & Wong, 2008).  For example, Henley (1981) developed an adaptive 

IDW, in which the weight is the product of inverse-distance weights and the de-clustered 

weights that considers the effects of distance and clustering among spatially correlated data in 

the neighborhood. Weber & Englund (1992) incorporate piecewise least-square polynomial 

regression into the calculation of weights to increase the accuracy of the predictions. Liu & 

Wong (2008) take into account the spatial variability of sampling density. Instead of using a 

constant distance-decay parameter value in traditional IDW interpretation equation which 

assumes that the distance-decay relationship is uniform across the surface of the study domain, 

they modify the distance-decay parameter value according to the spatial pattern of the 

sampled locations within the neighborhood of the unsampled location. The specific patterns of 

spatial distribution of sampled and unsampled locations are also emphasized in modifying the 

calculation of weights for general IDW (Fotheringham, 1997;  Getis  & Ord, 1992). In most 

adaptive IDW, the distance-decay parameter α is assigned according to the spatial pattern of 

neighborhood sampling locations to reflect the regional variability of sampling points 

distribution. In the calculation of inverse-distance weights, researchers improve data 

interpolation by evaluating estimation results with different distance – decay parameters. For 

instance,  Bekele et al. (2003) calculated inverse-distance weights with distance- decay 

parameters of 1, 2, and 3 to map soil potassium. Ping & Green (2004) attempted distance-

decay parameters of 1 through 5 to determine the spatial weights matrix for modeling 

autocorrelation functions.  

 

2.5  Ordinary Kriging 

 

Kriging is the preferred family of geostatistical predictors in many spatial statistical 

analyses.  It is named by a French mathematician Georges Matheron (1963), after the South 

African mining engineer D. G. Krige (1951). Matheron was given the credit for formalizing 

kriging technique and for extending the theory. 

 

As most other interpolation algorithms (inverse distance weighting, splines, radial basis 

functions, triangulation, etc.), kriging predicts the value at a given location as a weighted sum 

of data values at neighborhood locations, and it gives a decreasing weight to a sampled 

location with increasing distance between this location and the location to be estimated. What 

http://www.sciencedirect.com/science/article/pii/S0098300408000721#bib30
http://www.sciencedirect.com/science/article/pii/S0098300408000721#bib10
http://www.sciencedirect.com/science/article/pii/S0098300408000721#bib13
http://www.sciencedirect.com/science/article/pii/S0098300408000721#bib32
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makes kriging different from other interpolation methods is that kriging’s weights are based 

on the covariances among points in the sample and the covariances between sample points 

and the point to be predicted. The kriging family includes ordinary kriging, simple kriging, 

universal kriging, co-kriging, and indicator kriging. The selection of kriging method for 

weights calculation in a specific data field depends on the stochastic properties of the data and 

the various degrees of stationarity assumed. If the mean is assumed constant but 

unknown over the entire region of interest, ordinary kriging is an optimal predictor. Ordinary 

kriging (OK), the best linear unbiased estimator, has been used widely as a reliable estimation 

method.  Besides declustering and unbiasedness, computation of the minimized estimation 

variance is also a feature of OK technique.  Ordinary kriging (OK) is the most common form 

of kriging, and it generally works well for concentrations or other measurement data that are 

mostly detected or quantified (Nikroo et.al. 2009). 

 

Kriging methods are believed to be powerful data interpolation schemes (P. K. Kitanidis, 

1997; Davis 2002; Leila Nikroo et.al., 2009).  Kriging has been widely applied to 

interpolation of spatial variables in hydrology and groundwater engineering including 

topography,  groundwater level, hydrologic head, and contaminant concentration in 

groundwater  (C. J. Legleiter and P. C. Kyriakidis，2008; Kurtulus, et.al., 2011; F. Yang, et. 

al., 2008; P. K. Kitanidis, 1997;  B. Ahrens, 2006). For example, Ma et.al. (1999) applied 

ordinary kriging (OK) and cokriging to their analyses of groundwater level, bedrock, and 

saltwater-freshwater interface elevations in south-central Kansas.  In their study, ordinary 

kriging was used to estimate initial conditions for ground-water levels and topography of the 

Permian bedrock at the nodes of a finite difference grid used in a three-dimensional numerical 

model. Cokriging was used to estimate initial conditions for the saltwater-freshwater interface. 

Their analysis indicated that the geostatistical method produces satisfactory results in 

estimating initial conditions for groundwater levels and topography of the Permian bedrock.  
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CHAPTER 3 

 

INTRODUCTION TO ANT COLONY OPTIMIZATION 

AND GEOSTATISTICS 
 

 
An ant colony optimization method is developed in this study to identify the redundant 

wells in long term monitoring network while meeting the requirement of data accuracy, with 

inverse distance weighting and ordinary kriging as data interpolation methods. The underlying 

theory of ant colony optimization is swarm intelligence. Section 3.1 introduces general 

background about swarm intelligence and the essential mechanisms behind swarm 

intelligence. Section 3.2 presents the general ant colony optimization and its evolvement in 

the past few years. The classic optimization algorithm, travel sales person (TSP), is 

introduced in Section 3.3. Section 3.4 discusses the data interpolation procedures used in this 

study: IDW, OK modified inverse distance weighting, and ordinary kriging. Section 3.5 

defines the two approaches to express data loss in this study: root mean square error (RMSE) 

and root mean relative error (RMRE). 

 

3.1 Introduction to Swarm Intelligence 

 

Ant colony optimization is inspired by ant foraging behavior, and belongs to the 

category of swarm intelligence.  Swarm intelligence is the discipline that deals with natural 

and artificial systems composed of many individuals that coordinate using decentralized 

control and self-organization.  In particular, the discipline focuses on the collective behaviors 

that result from the local interactions of the individuals with each other and with their 

environment. They live in groups or collectives, and their behavior is governed by the goal of 

group’s survival rather than being focused on the survival of individuals. Examples of groups 

investigated by swarm intelligence are social animals, including insects, schools of fish 

(Grunbaum et al., 2005; Parrish et al., 2002) and bird flocks (Reynolds, 1987). Social insects, 

especially colonies of ants and termites, have been extensively studied for collective 

behaviors. Flexible and robust behaviors have been observed on some social insects such as 

firefly colonies ranging from a few individuals to millions (Camazine et. al., 2003). The 

sophisticated behaviors of other social insects have been documented, such as traffic routing 
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for foraging trails (Burd, 2006), dynamic job assignment and collaboration among individuals 

(Beshers and Fewell, 2001), and construction of complex and efficient nests (Gordon, 1996).  

The foraging behaviors of colonies consist of over 200,000 workers of neotropical army ants 

have been recorded. They collected thousands of prey, with foraging network covering an 

area of more than 1500 square meters in a single day (Franks, 1989; Franks and Fletcher, 

1983).  Termite mounds with diameters up to 30m and height up to 6m were documented in 

Africa (A. Perna, 2008).  The study of some of those termite mounds reveals the efficiency of 

complicated structure in driving air circulation and maintaining stable temperature inside the 

nests. The numerous chambers of termite mound are connected by helical ramps which, about 

up to 30 cm high, arising from twisting and soldering floors. At each floor, there are stairs, 

and some of which go through the whole nest. Complex microstructures are observed on the 

outside surface of the mounds, and those microstructures are believed to function for air 

ventilation and internal temperature adjustment (Granier al., 2007).  The observation of 

biologists shows that those complex structures are built by millions of tiny and blind termites.   

 

A typical swarm intelligence system consists from hundreds to millions individuals that 

are   relatively homogeneous; in other words, they are either all identical or very similar. In 

most cases, a single insect by itself is not able to resolve a  problem efficiently, while the 

whole colony to which it belongs can achieve the goal very easily without a central 

organization (Li and Chan Hilton, 2006). The interactions between the individual insects are 

based on simple behavioral rules and/or the local information that the individuals exchange 

directly or via the environment. A single individual of social insects is incapable of achieving 

complex goal by itself, while collective system capable of accomplishing difficult tasks in 

dynamic and varied environments, achieving a collective performance which could not 

normally be achieved by an individual acting alone without any external guidance or control 

and with no central coordination. Performing ―organized activities without the present of 

organizer‖ is the characteristics of swarm intelligence system (Garnier et. al., 2007).  

 

The mechanisms of swarm intelligence system behind complicated and highly efficient 

collective activities of colonies of ants and termites are summarized as stigmergic and 

autocatalytic with positive feedback. For example, when ants in a colony go out foraging, they 

communicate via a kind of stigmergy called pheromone, which is the chemical deposited by 
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ants as they traverse a path. In the same time, pheromone density also decreases with time due 

to evaporation.  It takes more time for ants to traverse the long paths than short ones, and 

more pheromone evaporates on longer paths. Consequently, shorter paths have higher 

pheromone density than longer paths, and invite more ants to pass by. The more ants follow a 

trail, the more pheromone is deposited on the trail, and the more attractive that trail becomes 

to later ants. The probability of a discrete path to be chosen increases with the number of 

times the same path was chosen by previous ants. As a result, good paths are reinforced and 

bad paths gradually disappear. Some researchers borrow those mechanisms from social 

insects for optimization purposes in engineering problems and other fields.      

 

3.2  Introduction to Ant Colony Optimization 

 

Ant colony optimization (ACO) algorithms are one of the most successful types of 

swarm intelligence. The original version of ACO is the ant system (AS), which was 

introduced by Dirogo in the early 1990’s and inspired by the foraging behavior of real ant 

colonies (Dorigo et al., 1991;   Dorigo, 1992; Dorigo et al. 1996). When searching for food, 

ants initially explore the area surrounding their nest in a random manner. While moving, ants 

deposit a chemical called pheromone on the ground. In the same time, pheromone also 

evaporates into air. The longer the time passes, the more pheromone evaporates. The later ants 

can smell pheromone which is left by previous ants. When choosing their way, they tend to 

choose, in probability, paths marked by stronger pheromone concentrations. It takes shorter 

time for ants to traverse shorter paths than longer paths, so less pheromone evaporates, more 

exits on ground. As a result, more ants are attracted to shorter paths, and more pheromone is 

deposited on shorter paths, which in turn, attracts more ants. A colony of ants relies on 

indirect communication with each other to determine the shorted path between the nest and 

food source over time. The short path which is picked by all the ants at end represents the 

global optimal solution. Ant colony optimization mechanism uses artificial ants to simulate 

real ants foraging behavior to resolve optimization problems. 

 

The well-known experiment to investigate the ants foraging behavior is ―double-bridge‖ 

experiment (Deneubourg et al. 1990; Dorigo and Stutzle 2004). This experiment has 2 

different setups. In the first setup, the two branches of the bridge are equal in length (Figure 
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3.1). In the second design, the longer branch is twice as long as the short branch. The 

individual ants travel from nest to food, and then return to nest (Figure 3.2). Initially, there is 

no pheromone on either branch, and the first ants randomly select either branch. After 

sufficient time, in the first setup, both branches are picked by ants with 50% probability. 

 

 

 
Figure 3.1. Single bridge ant experiment. (After Deneubourg et.a., 1990) 

 

In the second setup, initially ants randomly pick paths, and it takes shorter time for the 

ants which pick short branch to travel to food and come back to nest, thus less pheromone 

evaporates on shorter path during the process. The shorter path has higher pheromone density, 

and attracts more ants. Finally, all the later ants are attracted to the shorter path, which is 

considered to be the optimal solution of the path selection problem. 

 

 

 
 

Figure 3.2. Double bridges experiment. a) Early in the experiment.  

b) At a later time. (After Goss et. al., 1989 ) 
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The main differences between the behavior of the real ants and the behavior of the 

artificial ants in the ACO model are as follows: 

1) While real ants move in their environment in an asynchronous way, the artificial ants are 

synchronized, in other words, for each iteration of the simulated system, each of the 

artificial ants moves from the nest to the food source and follows the same path back. 

 

2) Initially there is no pheromone on the ground for real ants to follow, ants moves randomly. 

In the artificial ants searching field, all the edges are initialized with same pheromone 

density. While real ants deposit pheromone on the ground all the way on their paths, 

artificial ants only update pheromone after they finish the current iteration. 

 

3) The foraging behavior of real ants is based on an implicit evaluation of a solution (i.e., a 

path from the nest to the food source). By implicit solution evaluation we mean the fact 

that shorter paths will be completed earlier than longer ones, and therefore they will 

receive pheromone reinforcement more quickly. In contrast, the artificial ants evaluate a 

solution with respect to some quality measure which is used to determine the strength of 

the pheromone reinforcement that the ants perform during their return trip to the nest. 

 

The AS algorithm was first developed by Dorigo (1990) to solve the traveling sales 

person (TSP) problem, in which the sales person is required to travel through all the given 

cities with the shortest route. The sales person has to visit those cities once and only once, 

finish the travel at the starting city. Even though the original AS algorithm achieved 

encouraging results for the TSP problem, it was found to be inferior to state-of-the-art 

algorithms for the TSP as well as for other combinatorial optimization problems. Therefore, 

several extensions and improvements of the original AS algorithm were introduced over the 

years.  

 

Ant colony system method (ACS) and Max-Min ant system method (MMAS) are 

believed to be the most successful members in the family of ACO algorithm.  The primary 

improvements of ACS to AS include:  1) the initial amount of pheromone on each path. In AS 

algorithm, no pheromone is allocated on paths before ants start to search. While in ACS, a 

fixed amount of pheromone is initiated on all the paths.  2) The rules ants decide to pick the 
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next path is different. A pseudorandom proportional rule is applied in ACS for ants to identify 

the next path. After a probability ratio p is calculated, a random variable q which uniformly 

distributed over [0, 1] is generated for each path. The comparison of p and q determines 

which path an ant is going to pick next. This method is aimed to increase the variety of ant 

searching, and avoid the premature trap which local optimal solutions. 3)  on-line pheromone 

updating on paths which ants traversed. 4) Identifying the optimal path after each searching.  

5) off-line pheromone updating for optimal path only.  

 

The other most successful ACO variant today is MAX–MIN Ant System (MMAS) 

which was proposed by Stiitzle and Hoos (2000). MMAS suggests, depending on some 

convergence measure, at the end of each iteration the pheromone values are updated either 

with the best solution generated in respective iteration (BI-update rule), or the best so far 

solutions (BS-update rule). At the start of the algorithm, the BI-update rule is used more, 

during the process of the algorithm, the BS-update rule is used more. MMAS uses explicit 

lower bound (0) and upper bound for the pheromone values, and upper bound is updated each 

time a new best-so-far solution is identified by the algorithm. 

 

There are several other successful variants of ACO, such as Elitist AS, Rank-based AS, 

and the most recent improvement called Hyper-cube framework.  The major difference of 

those variants is the approach they update pheromone values. Elitist AS updates pheromone 

with all the solutions that were generated and the best-so-far solution to increase the 

exploitation of the best-so-far solution. Rank-based AS ranks the solutions and assign 

difference weights to them based on their ranks. The best solution gets the highest weight, the 

second best solution gets the second highest weight, so on so forth.   

 

Since its development, ACO algorithm has received attention of researchers in various 

areas. ACO methods have been applied to many combinatorial optimization problems, such as 

quadratic assignment to protein folding, routing vehicles, random number generators (Isaacs 

et al., 2002), and autonomous decentralized shop floor routing (Cicierello et al., 2001). Li & 

Chan Hilton (2006) introduced ACO to LTM optimization, and conducted optimization using 

ACO with IDW as data interpolation method for a medium size and big size LTM networks. 
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This study makes some significant improvement to their work in the ACO algorithm, using 

IDW, MIDW and OK as data interpolation method to solve LTM optimization problems.  

 

3.3 Introduction to Traveling Sales Person Problem 

 

The traveling sales person problem (TSP) is a classic combinatorial optimization 

problem with important scientific and engineering applications. ACO algorithms were 

initially proposed by Dirogo in early 1990s to solve TSP, and most popular ACO extensions 

including Ant System (AS), Ant Colony System (ACS), and MAX-MIN Ant System (MMAS) 

were developed with TSP as example combinatorial optimization problem.  

 

The TSP simulates the situation of a salesman who needs to visit n cities. The salesman 

is required to visit all the cities exactly once with the total minimal traveling distance, and 

finish the traveling at the city where he started the trip. Mathematically, solving the TSP is 

identifying the shortest route in a completely connected graph G with n nodes and n(n-1) 

edges while satisfying the requirements stated above.  

 

In the TSP, a completely connected, undirected graph G = (V, E) with edge-weights is 

given. The nodes V of this graph represent the cities, and the edge weights represent the 

distances between the cities. The goal is to find a closed path in G that contains each node 

exactly once (henceforth called a tour) and whose length is minimal. Thus, the search space S 

consists of all tours in G. The objective function value f(s) of a tour s ∈ S is defined as the 

sum of the edge-weights of the edges that are in s. The TSP can be modeled in many different 

ways as a discrete optimization problem. The most common model consists of a binary 

decision variable Xe for each edge in G . If in a solution Xe =1, then edge e is part of the tour 

that is defined by the solution. The task of each ant consists in the construction of a feasible 

TSP, a feasible tour. Each ant constructs a solution as follows. At beginning, the ant randomly 

picks one of the nodes of the TSP graph as the first node. Then, the ant identifies a path in the 

TSP graph by moving in each construction step from its current node (i.e., the city in which it 

is located) to another unvisited node. At each step the traversed edge is added to the solution 

under construction. After all the nodes are visited the ant closes the tour by moving from her 

current node to the node where it started the solution construction. 



                  
 

19 
 
 

TSP has been used as a benchmark for many new approaches in combinatorial 

optimization (C.G. Wu, et. al., 2004). To evaluate the performance of the ACO variant 

developed in this study, TSP is used as one of the benchmark problems to test the reliability 

of this ACO variant before it is applied to resolve LTM optimization problems. 

 

3.4 Data Interpolation Methods Overview 

 

Inverse distance weighting (IDW), modified inverse distance weighting (MIDW), and 

ordinary kriging (OK) are the data interpolation methods used in this study for LTM network 

optimization.   

 

3.4.1. Inverse Distance Weighting (IDW) 

 

IDW is one of the most frequently used deterministic models in data interpolation. The 

general assumption of IDW is that the attribute values of any given pair of points are related 

to each other, but their similarity is inversely related to the distance between the two locations.  

According to the IDW algorithm, the attribute value       at an unsampled location    is the 

weighted average of known values       at sampled locations   , and the weights    of its 

neighbors are inversely related to the distances between the prediction location and the 

sampled locations as following: 

 

                     ∑       

 

   

                                     

 

The estimated value at location    is a linear combination of the weights    and sampled 

values at locations    , where    is defined as: 

     
   ∑   

                                         

 

   

 

with   ∑   
 
   , di is the distance between location    and location    and n is the 

number of observed locations around the unsampled location   . As a geometric parameter, 

large α gives larger weights to the sampled locations which are closer to the estimated 

location, and increasingly down-weights the attribute values at the sampled locations farther 
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away. With small α, IDW estimates the value at unsampled locations as averages of the 

attribute values at the neighborhood sampled locations, and when α→0,       .   If α is 

larger than 1, the distance-decay effect will be more than proportional to the increase in 

distance. 

IDW is a straightforward and non-computationally intensive data interpolation method, 

and it is simple and fast compared with geostatistical methods such as kriging.  A drawback of 

IDW is that the inverse-distance weights are not determined by the empirical data of the study 

area. 

3.4.2. Modified Inverse Distance Weighting (MIDW) 

 

The basic assumption of traditional IDW is that the distance-decay structure of attribute 

values is uniform throughout entire domain under study. This means, in the area of 

groundwater remediation, the hydrologic properties of medium in which contaminants spread 

out is uniform,  no directional flow, and the source of contamination is no more than one. In 

the real world, the above conditions are rarely met. The common situation is the hydraulic 

head of groundwater is different at different locations, which causes directional flow and 

contaminants spread out through dispersion and advection.  Medium with different hydraulic 

conductivities, such as sandstone, silt and clay, may all present in a contamination site. It is 

possible for more than one source of contamination to occur in one site as well. As a result, 

the concentration of contaminants doesn’t follow the uniform distance-decay structure, and 

the assumption of traditional IDW cannot be met. To improve the performance of traditional 

IDW, the spatial pattern of contaminants concentration is suggested for the adaptive IDW 

(MIDW). 

 

On the sites of this study, groundwater remediation was already completed, and long 

term monitoring network is to be optimized.  In this phase, the data collection of residual 

contaminant attributes is sufficient and attributes values are generally stable. The pattern of 

residual contaminant concentration change between locations can be easily derived from the 

data which are collected most recently. 
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In the adaptive IDW (MIDW) developed in this study, the pattern of concentration 

change is incorporated into the distance-decay structure of traditional IDW. The prerequisites 

of MIDW include 1) the remediation site is in a stable LTM phase; and 2) the attribute value 

to be interpreted at location    was collected in the previous sampling cycle.  First, the 

difference between the attribute values from the most recent sampling at location    and its 

neighbor locations    is calculated, and the maximum difference is identified from the 

previous calculated results as following: 

                                                                     （   ） 

                Max_Grad=max(Grad(                                                          （   ） 

Next, a factor    is chosen to incorporate into the data interpretation of traditional IDW 

as following: 

      ∑         

 

   

                                             

The value of   is determined by the ratio of Grad(    Max_Grad and specific site 

conditions. In the example LTM site optimization in this study, R is defined as following: 

 

   
        

        
                                             (3.6) 

If   ≤ 0.01, then       ；If        ≤ 0.1, then         ；                    

         The definition of R and picking the values of    depend on specific site conditions.  

 

3.4.3. Ordinary Kriging (OK) 

 

Ordinary kriging (OK) is the preferred method in many spatial statistical analyses. It is 

relatively cumbersome. Though there are many types of kriging, they are conceptually similar. 

One has to first examine the data to identify the spatial structure, which is often represented 

by the empirical variogram (Isaaks, Balkema and Srivastava, 1989). Then given the empirical 
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variogram that captures the spatial autocorrelation structure of the data, a mathematical 

function is used to fit the empirical variogram as the theoretical variogram function to model 

spatial autocorrelation. Based upon this function, weights are derived. The linear or non-linear 

combinations of these weights and the corresponding observed values are used to estimate 

values at unsampled locations. One clear advantage of kriging is that kriging variance is 

readily available during the computational process and it offers the confidence level of the 

interpolation, in addition to other strengths (Zimmerman et al., 1999).  

 

From a statistical perspective, kriging is a sound method. In practice, ―the success of 

kriging maps is dependent on the suitability of the theoretical semivariogram to the data at 

hand.‖ (Sen and Sahin, 2001). Therefore, identifying the most appropriate theoretical 

variogram for the given data is critical. In general, we expect that the level of spatial 

autocorrelation diminishes as spatial lag increases, and changes in spatial autocorrelation level 

over different spatial lags are captured and represented by the variogram. If the variogram 

does not reflect the spatial structure of the data adequately, kriging may not provide good 

predictive results. Different kriging methods have been suggested to address the non-

stationarity problem, but the treatment of this problem is somewhat ad hoc (Sampson et al., 

2003).  

 

3.4.3.1 Calculate weights 

 

Ordinary kriging (OK), the best linear unbiased estimator, has been used widely as a 

reliable estimation method.  Besides declustering, and unbiasedness, computation of the 

minimized estimation variance is also a feature of OK technique.  It estimates the attribute 

value       at an unsampled location   with the weighted linear combinations of attribute 

values        at a nearby sampled location     as following:  

      ∑       

 

   

                                        

where {      } are the kriging weights computed from a normal system of equations 

derived by minimization of the error variance. 

The error variance is  

          (3.8)     0
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Minimization of the error variance constrained by the unbiasedness condition ( ∑   
 
  

 ) results in the following ordinary kriging system: 

 

    （3.9） 

∑                                                (3.10) 

 

To perform the data interpolation with OK, one first needs to examine the data to 

identify the spatial structure, which is represented by variogram (Isaaks, Balkema and 

Srivastava, 1989).  The variogram captures the spatial autocorrelation structure of the data. 

Then a mathematical function is used to fit the variogram to get values of effective rang and 

positive variance contribution value, which are to be used to calculate covariance between 

each pair of the sampled points, and the covariances between sample points & the prediction 

point: 
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]                 （3.12） 

 

Due to the unbiasedness and minimization of kriging variance of OK, with the Lagrange 

multiplier λ, the weights for ordinary kriging can be found from the following system of 

linear kriging equations: 
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3.4.3.2  Correction of negative weights: 

 

In OK, negative weights, which arise when data close to the location being estimated 

screen outlying data, can cause negative interpolation variance and negative estimates, must 

be avoided. Deutsch (1996) developed a method to correct the negative weights as following: 

a) Calculate the average absolute value of the negative weights and the average covariance 

between the location being estimated and the locations receiving negative weights: 
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b) The set of OK weights            are corrected as follows: 
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The corrected weights are restandardized to sum to one: 

    
 ̅ 
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                                      （3.16） 

The corrected estimate of the unsampled value       is: 

   
       ∑     

                            （3.17） 

 

3.5  Definitions of Root Mean Relative Error (RMRE) 

and Root Mean Square Error (RMSE) 

 

Cost saving of LTM network can be achieved by removing certain monitoring wells. 

At the locations where existing wells are removed from LTM site, the values of attributes 

are estimated with the data of neighboring wells, and consequently, data loss can occur 

due to the estimation error. Root mean relative error (RMRE) and root mean square error 
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are defined in this study to quantify the overall data loss caused by removing redundant 

wells from LTM sites.  

 

To calculate RMRE, one has to calculate the relative estimation error (REE) at 

individual locations, which is defined as:  

 

    
|         |

               
                                                           

 

where  Ci  is  the  measured  concentration, or true concentration  at  the  well  i  

and  Cest,i  is  the  estimated concentration at the well i. Since the difference between 

Cest,i and Ci is normalized by the minimum of these two values, the REE is very 

sensitive to the residual. The values of REE may vary from 0 to a very big value. 

Individual monitoring wells with low REE values are potential redundant wells. This 

study deals with removing multiple redundant wells with minimal overall data loss.  Root 

mean relative error (RMRE) is adopted as one way to define overall data loss in this study. 

RMRE is calculated as follow:   
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                                     (3.19) 

 

 where m is the number of removed wells, and REEi is the relative estimation error of 

the well at location i, as defined in equation(18). It is expected that acceptable optimized 

LTM networks have relatively low RMRE values. Removing too many monitoring wells 

from LTM network may result in unacceptably high RMRE values.   

 

Another way to define data loss in this study is root mean square error (RMSE), or the 

square root of the mean of the square of error for all interpolations. RMSE is very commonly 

used and serves an excellent general purpose error metric for numerical predictions. It is 

calculated as following: 
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where m is the number of removed wells, Ci  is  the  measured  concentration, or true 

concentration  at  the  well  i  and  Cest,i  is  the  estimated concentration at the well i. 

Compared to the similar RMRE, RMSE amplifies and severely punishes large absolute errors. 
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CHAPTER 4 

 

ANT COLONY OPTIMIZATION ALGORITHM 

 

 
Optimization is a fundamental and necessary task for many engineering practices.  It has 

evolved from an idea of academic interest into important applications that have significant 

impacts in engineering research and practices. Many algorithms have been developed to solve 

optimization problems, and those algorithms can be classified into two categories:  complete 

or approximate algorithms. Complete algorithms, also called enumeration methods, calculate 

all the possible options, and can guarantee the best solution. However, complete algorithms 

can require extremely long computational time, which can be exponential of the number of 

variables in the worst case, making those methods not practical in real world 

applications.  Thus, the development of approximate methods becomes necessary. 

Approximate methods do not guarantee the optimal solutions for optimization problems; 

however, they can get good solutions in a significantly reduced amount of time.  As a result, 

approximate methods have received more and more attention in the last 30 years.   

Ant colony optimization (ACO) is one group of the most recently developed 

approximate optimization techniques, and is believed to be one of the best performing strands 

of swarm intelligence. Section 4.1 presents the basic ant colony optimization metaheuristics 

and primary ACO algorithms. The ACO variant developed in this study is presented in 

Section 4.2, and the ACO algorithms for solving the traveling sales person (TSP) and 

groundwater long-term monitoring (LTM) network optimization problems are discussed in 

Section 4.3. 

4.1 ACO Metaheuristic and Primary ACO Algorithms   

 

4.1.1. The Ant Colony Optimization Metaheuristic 

 

As introduced in Section 3.2, ACO methods were first developed by Marco Dorigo 

and his colleagues in the early 1990’s after they studied the foraging behavior of ant 

colonies, in particular, how ants find the shortest paths between food sources and their 

nest.  The widely accepted definition of the ACO metaheuristic covers the basic ACO and 
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most of its variants for discrete optimization problems. The general framework of the ACO 

metaheuristic is presented in this section.  

 

ACO method is an optimization method which can improve solutions to combinational 

optimization (CO) problem through iterations. To solve a CO problem with ACO, one is 

supposed to start with defining two sets of variables, one set of which is a finite set of solution 

components C to assemble solutions to the CO problem. The other set is a set of pheromone 

values, which is a parameterized probabilistic model. The pheromone model is one of the 

central components of the ACO metaheuristic.  In general, the ACO approach attempts to 

solve an optimization problem by iterating the following two steps: 1) candidate solutions are 

constructed based on the pheromone values on each trail, calculating a 

parameterized  probability distribution over the solution space to find out the temporary 

solutions for each iteration; 2) update the pheromone values at the end of each iteration, using 

the temporary solutions generated in this iteration, in a way that is deemed to bias future 

sampling toward high quality solutions. In particular, identifying solutions from solution 

components depending on the solution quality is an important ingredient of ACO algorithms. 

It implicitly assumes that good solutions consist of good solution components.  

The basic frame of the ACO pseudocode is presented as following: 

while termination conditions not met do  

   ScheduleActivities 

AntBasedSolutionConstruction()  

DaemonActions    (optional) 

PheromoneUpdate() 

   end ScheduleActivities 

end while  

 

ACO is an iterative algorithm with a principal while-loop. In each iteration the two 

major components AntBasedSolutionConstruction() and PheromoneUpdate() must be 

scheduled. How these activities are scheduled and synchronized is up to the algorithm 

designer of specific CO problem. The two major components of ACO algorithm are 

discussed in detail in the following: 
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AntBasedSolutionConstruction()  

       s = ⟨⟩ 

       Determine N (s) whileN (s) = ∅ do 

          c ← ChooseFrom(N (s)) 

          s ← extend s by appending solution component c  

     end while 

Inside AntBasedSolutionConstruction() component, artificial ants behave as 

probabilistic constructive heuristics that assemble solutions as sequences of solution 

components. The finite set of solution components C = {c1,...,cn} is hereby derived from the 

discrete optimization problem under consideration. Each solution construction starts with an 

empty sequence s = ⟨ ⟩, and the first element is picked by ants randomly, and then, the current 

sequence s is extended at each construction step by adding a feasible solution component 

from the set N (s) ⊆ C \ s. The specification of N (s) depends on the solution construction 

mechanism which restricted the set of traversable edges to the ones that connected the ants’ 

current node to unvisited nodes. The choice of a solution component from N (s) is made at 

each construction step, as implemented in ChooseFrom(N (s)),  based on the probability 

which is calculated  with respect to the pheromone values as following: 

 

    |   
[   ]
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[ (   )]
 

  ∈    

       ∈                    (4.1) 

where η is weighting function which, according to  the current sequence, assigns a 

heuristic value η(cij ) ， also called heuristic information, to each feasible solution 

component cij ∈ N (s) at each construction step . The exponents α and β are parameters whose 

values determine the relation between pheromone information and heuristic information.     is 

the pheromone density along the edge between the current node i and its unvisited neighbor j. 

DaemonActions(): this construct is used to implement centralized actions which cannot 

be performed by single ants. Examples are the application of local search methods to the 

constructed solutions, or the collection of global information that can be used to decide 

whether it is useful or not to deposit additional pheromone to bias the search process from a 
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non-local perspective. As a practical example, the daemon may decide to deposit extra 

pheromone on the solution components that belong to the best solution found so far. 

 

PheromoneUpdate(): At the end of each ant foraging iteration, pheromone density 

along each trail is updated according to the pheromone model, based on the temporary 

solutions to the CO problem of the prior iteration. The goal of the pheromone update is to 

increase the pheromone values associated with good solutions, and to decrease those that are 

associated with bad ones. Different ACO variants differ primarily in the way the pheromone 

values are updated. However, all the pheromone update models consist of two 

parts:  pheromone evaporation and pheromone deposition.  Pheromone evaporation uniformly 

decreases the pheromone values along all the paths. Pheromone deposition increases the 

pheromone density on the paths which are traversed by ants in the former iteration(s), based 

on the temporary solutions to the CO problem. Pheromone evaporation is a natural 

phenomenon in ants foraging, and the simulation of this process technically helps avoid a too 

rapid convergence of the algorithm toward a sub-optimal region. It simulates a form 

of forgetting, favoring the exploration of new areas in the search space.  

 

Pheromone update in ant colony system can be expressed as following:  

              ∑   { ∈       ∈ 
                 (4.2) 

Hereby, Supd denotes the set of solutions that are used for the pheromone update. ρ is 

pheromone evaporation rate, between zero and 1. F:S↦R+ is a so-called quality function such 

that f(s)<f(s′)⟹F(s)⩾F(s′),  s≠s′∈S. In other words, if the objective function value of a 

solution s   is better than the objective function value of a solution s
′
, the quality of solution 

s   will be at least as high as the quality of solution s
′
. The above equation also allows an 

additional weighting of the quality function, i.e., ωs∈R
+
denotes the weight of a solution s. 

 

Instantiations of this update rule are obtained by different specifications of Supd and by 

different weight settings. In many cases, Supd is composed of some of the solutions generated 

in the respective iteration (henceforth denoted by Siter) and the best solution found since the 

start of the algorithm (henceforth denoted by sbs). Solution sbs is often called the best-so-far 
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solution. In AS-update rule, which was the first ACO algorithm to be proposed in the 

literature,  Supd  is updated as following: 

                         ∈              （4.3） 

That is, by using all the solutions that were generated in the respective iteration for the 

pheromone update, and by setting the weight of each of these solutions to 1.                                 

Another pheromone update approach is called iteration-best rule or IB-update, which is most 

widely adopted in practice: 

 

     {          {    | ∈      }}                     （   ）  

The IB-update rule introduces a much stronger bias towards the good solutions than the 

AS-update rule, by choosing only the best solution generated in the respective iteration for 

updating the pheromone values,      =1. However, this increases the danger of premature 

convergence. An even stronger bias is introduced by the BS-update rule, where BS refers to 

the use of the best-so-far solution sbs .  In this case, Supd is set to {sbs } and sbs is weighted 

by 1, that is,      =1. In practice, ACO algorithms that use variations of the IB-update or the 

BS-update rule and that additionally include mechanisms to avoid premature convergence 

achieve better results than algorithms that use the AS-update rule.  

 

4.1.2. The Primary ACO Algorithms 

 

Since ACO metaheuristic was introduced in early 1990s, several algorithms have been 

developed over years in the literature. The most successful ones included ant system (Dorigo 

1992, Dorigo et al. 1991, 1996), ant colony system (ACS) (Dorigo & Gambardella 1997), and 

MAX-MIN ant system (MMAS) (Stützle & Hoos 2000). Different ACO algorithms differ 

primarily in the way the pheromone values are updated, in particularly, the way ants deposit 

pheromone along the routes they traversed. Following is the description of those algorithms 

with the traveling salesman problem (TSP) as the example optimization problem.  
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4.1.2.1 Ant system  

 

Ant system (AS) was the first ACO algorithm proposed by Dorigo (Dorigo et al. 1991, 

Dorigo 1992, Dorigo et al. 1996).  Its primary feature is that the pheromone values are 

updated along all the routes traversed by all the ants in the colony as following: 

 

             ∑     
  

              (4.5) 

 

where ρ∈(0,1] is the evaporation rate, m is the number of ants, and Δτkij is the quantity 

of pheromone laid along edge between city i and j by the k-th ant:  

 

    
  {

 

   
                                     

                                                               

      

where Lk is the tour length of the k-th ant.  

When constructing the solution, ant extends its construction graph based on the 

probability p for the ant moving from its current city to one of the unvisited cities. The 

probability p of the k-th ant moving from city i to city j is given by:  

 (   |   )  {

   
     

 

∑    
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       ∈     
  

                             

        (4.7)  

 

where N(  
 
) is the set of components that do not belong yet to the partial solution   

 
of 

ant k , and α and β are parameters that control the relative importance of the pheromone 

versus the heuristic information ηij=1/dij , where dij is the length of component cij (i.e., of 

edge (i,j)). 

  

4.1.2.2 Ant colony system (ACS) 

 

Ant colony system (ACS), which was developed by Dorigo and Gambardella (1997), 

was the first major improvement over the original ant system (AS). The major difference 

between ACS and AS includes introducing: 1) solution construction decision rule – 
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pseudorandom proportional rule; 2) local pheromone update; 3) best only offline pheromone 

update. 

With pseudorandom proportional rule, the probability for an ant to move from city i to 

city j depends on a random variable q uniformly distributed over [0, 1], and a parameter q0; if 

q≤q0 , then, among the feasible components, the component that maximizes the product        

is chosen; otherwise, the same equation as in AS is used.  This pseudorandom proportional 

rule helps exploitation of the pheromone information.  The second major improvement of 

ACS over AS is the introduction of a diversifying component: the local pheromone update. 

The local pheromone update is performed by all ants after each construction step. Each ant 

applies it only to the last edge traversed:  

 

τt+1=(1−φ)⋅τt+φ⋅τ0               (4.8) 
 

where φ∈(0,1] is the pheromone decay (evaporation) coefficient, and τ0 is the initial 

value of the pheromone.  

 

The major goal of the local update is to diversify the search of subsequent ants in each 

iteration.  Reducing the pheromone density on the edges which are traversed during one 

iteration encourages subsequent ants to exploit other edges and hence to generate different 

solutions. This avoids the possibility that several ants produce identical solutions during one 

iteration. Additionally, because of the local pheromone update in ACS, the minimum values 

of the pheromone are limited. As in AS, at the end of every iteration, ACS also performs a 

pheromone update, called offline pheromone update.  ACS offline pheromone update, 

however, is performed only by the best ant, that is, only along the edges that were visited by 

the best ant , according to the equation:  

 

                                              

 

where Δτbestij=1/Lbest  if the best ant used edge (i,j) in its tour, otherwise Δτbestij=0    

(Lbest can be set to either the length of the best tour found in the current iteration -- iteration-

best, Lib -- or the best solution found since the start of the algorithm -- best-so-far, Lbs).  

 



                  
 

34 
 
 

4.1.2.3 MAX-MIN ant system  

 

MAX-MIN ant system (MMAS) is another most popular variant of ACO, proposed by 

Stützle and Hoos (2000). MMAS differs from AS in that (i) only the edges visited by best ant 

gets pheromone update, and (ii) the minimum and maximum values of the pheromone density 

along edges in the ant searching domain are explicitly defined. The pheromone update 

equation takes the following form:  

 

Τij ← (1−ρ)⋅τij+Δτbestij            (4.10) 

 

where Δτbestij=1/Lbest if the best ant used edge (i,j) in its tour, Δτbestij=0 otherwise.  

Lbest is defined as the length of the tour of the best ant. As in ACS, Lbest may be set (subject 

to the algorithm designer decision) either to Lib or to Lbs , or to a combination of both.  

The pheromone values are constrained between τmin and τmax by verifying, after they 

have been updated by the ants, that all pheromone values are within the imposed limits τmin 

and τmax . The pheromone density along an edge τij is set to τmax if τij>τmax and to τmin if 

τij<τmin . 

Here in this algorithm, the pheromone update equation of MMAS is applied to all the 

edges while in ACS it is applied only to the edges visited by the best ants.  

The minimum value τmin is most often experimentally chosen (however, some theory 

about how to define its value analytically has been developed in (Stützle & Hoos 2000). The 

maximum value τmax may be calculated analytically provided that the optimum ant tour length 

is known. In the case of the TSP, τmax=1/ (ρ⋅L ), where L  is the length of the optimal tour. 

If L  is not known, it can be approximated by Lbs. It is also important to note that the initial 

value of the trails is set to τmax, and that the algorithm is restarted when no improvement can 

be observed for a given number of iterations.  
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4.2 The Algorithms of the ACO Variant of This Study 

4.2.1 Two LTM Optimization Scenarios 

 

In this study, a variant ACO is developed for a groundwater long term monitoring (LTM) 

network spatial optimization problem. Two scenarios are possible for LTM spatial 

optimization. In the first case, the groundwater management agency aims to minimize the cost 

of LTM, e.g., to minimize the number of monitoring locations, while subject to a constraint 

on overall data loss resulting from removing the redundant monitoring network. The 

mathematic expression of this scenario is presented as: 

MinZ = n,    where n is the number of remaining wells. 

s.t.  

                                  (4.11) 

where RMSE is root mean square error, and RMRE is root mean relative error due to 

removing redundant wells. Both RMSE and RMRE are defined in Section 3.5   

In the second case, a predetermined number of redundant wells are to be removed from 

the LTM network (Equation 4.12), and the optimization objective is to identify those 

redundant wells so that the data loss resulting from removing redundant well is as small as 

possible. That is: 

  Minimize RMSE or RMRE            (4.12)  

     s.t. 

n = threshold                  

 The ACO variant developed in this study deals with the problem in the second 

scenario.  

 

4.2.2. The ACO Algorithm Developed in This Study  

 

This ACO variant is developed for LTM network optimization through identifying a set 

of redundant monitoring wells with minimal data loss. The primary advantages of the newly 

developed variant over traditional ACO include: 1) avoiding the trap of local optimization, 

which is realized by introducing 3 random number generator functions at 3 levels so that all 
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the wells have similar chances to be considered; 2) Define a two dimensional matrix variable 

to represent pheromone, and relate each element in the pheromone matrix to an edge between 

a pair of nods. Take paths as combinations of edges. Update pheromone based on the rank of 

path the edge belongs to. Pick the ideal path as a combination of good edges. 3) Besides IDW, 

the VACO also uses OK and MIDW as data interpolation methods to improve the 

optimization results. 

 

  The basic structure of this ACO is similar to that of the traditional ACO.  It consists of 

3 levels of loops, the outside layer is the loop of iterations, which is equivalent to the do-while 

loop of the traditional ACO as described in Section 4.1. The middle layer loops through the 

number of artificial ants in a colony. The third layer loop is included inside the middle layer, 

and it performs the path construction of ants (i.e., searches for the solutions for the 

optimization problem). The middle loop including the inside loop is equivalent to 

AntBasedSolutionConstruction() in Section 4.1.  At the end of each iteration, all the ants in 

a colony finish path construction, and pheromone concentration on all the possible paths (not 

just the picked paths) is updated.  

 

The ACO variant defines the following variables:  

 

1) The optimization objective variable obj. In the TSP, this objective variable stands for 

the shortest overall distance the sale man is supposed to travel. In the case of LTM network 

optimization problem, the objective variable represents the least data interpolation error due to 

removing required number of monitoring wells.  

2)  The vector variable route_bs to store the nodes on the best so far path.  

3)  The vector variable route_bite to store the nodes on the best path identified in each 

iteration, and the size of the vector is the number of nodes to be visited by ant, or the number 

of redundant wells to be removed.  

4)  The two-dimensional variable  (n, n) to keep the pheromone concentration along the 

edge between any two nodes which can be directly connected.  
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5)  The three - dimensional variable Trail(m, n, n),where m is the number of ants in a 

colony and n is the number of nodes in ant search domain. Trail(m, n, n) is a flag variable: Trail 

(k ,p, q) = 1 means ant k visited edge between nods p and q and Trail(k, p, q) = 0 means ant k has 

not visited the edge between nodes p and q. 

At the beginning of path construction process, the optimization objective variable obj is 

initiated to a relative large value in the case of TSP or LTM network optimization. This initial 

value is larger than any of the path length (for TSP) or data interpolation error (for LTM) 

value can be. As the optimization process goes on, the value of obj decreases or stays the 

same. The pheromone concentration variable  (n, n) on all the edges between any two nodes 

in the searching field is initiated to a positive value, and it is updated at the end of each 

iteration. The approach of pheromone update depends on whether an edge is on the ant paths 

or not, on the paths of elite ants or general ants. Here the elite ant is defined as the ant who 

constructs the best path of the ant colony in an iteration, that is, picking this path results in the 

best objective function value. The best so far path route_bs is initiated with imaged nodes 

which are represented by 0s. Variable route_bs is updated after each iteration is completed by 

comparing the current optimization objective variable obj with that of the best path in the 

newly finished iteration. If the current obj is worse the newly obtained obj, it will be replaced 

with the new obj. In the meantime, the current route_bs is replaced with the new route_bite 

(best path in the most recent iteration). Variables obj, route_bs, and  (n, n) are updated from 

the beginning until the end of the optimization process, and once the termination condition is 

met, the best so-far path with the most satisfying optimization objective variable obj and 

highest pheromone concentration is found. Those three variables are like three parallel and 

closed related bridges running from beginning to end of the optimization process. 

The three dimensional flag variable Trail(m, n, n) is a local variable resident inside 

middle loop and its value shows whether an edge has be chosen by ant(s) or not . It is reset to 

initial condition Trail(m,n,n) = 0 before each iteration is started, and updated as ants construct 

paths. If an ant m chooses the edge between node\s i and j, Trail(m, i, j) changes from 0 to 1, and 

this gives the edge permission to receive pheromone deposit in the pheromone update process 

at the end of the corresponding  iteration. 
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Ant path construction is performed in the inside loop. Each ant is initially placed at an 

imaged node outside the searching domain, and it randomly chooses a node to start the path 

construction. It stands on the current node, considers the probabilities to move for all the 

remaining unvisited nodes, and picks the next node according to pre-designed heuristic 

pseudorandom proportional rule as described in Section 4.1.2.2. The order of unvisited nodes 

is shuffled before ant picking the next node to give all the available nodes same opportunity to 

be chosen. The third place where the random number function is used is during the process to 

find the next node to extend the path: the calculated probability of a list of all the available 

nodes is compared with a random number. Once a node’s probability is larger than the random 

number, this node will be picked the ant.  The abovementioned probabilities for moving from 

node i to j are calculated as the following: 

 

    
[   ]

 
[ (  )]

 

∑ [   ]
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  ∈    

        ∈                                   

where η is an optional weighting function, also called heuristic information, to each 

feasible solution component cj ∈ N (s) at each construction step. The exponents α and β are 

positive parameters whose values determine the relation between pheromone information and 

heuristic information.      is the pheromone concentration along the edge between the node i 

where the ant is located currently and its neighbor unvisited node j.  

 

A noticeable improvement of this ACO variant is the approach of pheromone 

concentration update. Instead of correlating the pheromone concentration with the whole path 

chosen by certain ants, the ACO variant takes path as the combination of numerous edges 

between pairs of selected nodes. The implementation of pheromone concentration update in 

this VACO is performed only through on-line updating the pheromone along edges at the end 

of each iteration, which includes evaporating into air and/or deposition by every ant in the 

colony through a loop of ants as following: 

 

1) If an edge has not been chosen by an ant, then the ant does not deposit pheromone 

alone the edge, and the existing pheromone will partially evaporate. 
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                     (t)          (4.14) 

 

Here    is the evaporating ratio, with a value between 0 and 1. This guarantees that the 

pheromone concentration on any edge or path in the searching domain is larger than 0 and is 

never negative. 

 

2) If an edge is on the path of elite ant (the ant who picked the best path of its iteration), 

the pheromone on this edge gets the most addition while also experiences evaporation as on 

other edges: 

 

                                                       

 

The parameter e is the elite factor, defined to be a positive number larger than one.  

3) For the edge has been traverse by a regular ant, the pheromone density τij alone the 

edge is updated as:   

 

                                               

The loop ends when all the ants in the colony finish updating pheromone. 

For the scenario in this ACO variant, the pheromone concentration along numerous 

edges in a path can be different. The ant paths of following iterations can be combinations of 

the certain edges on the paths of previous ant paths, not necessarily the complete paths. The 

optimization process can be improved and speed up in this way.   

4.3 Application of the ACO Variant to TSP and LTM 

 

4.3.1 Application of the ACO Variant to TSP 

 

As introduced in Section 3.3, traveling sales person problem (TSP) has been used as 

benchmark for many new approaches in combinatorial optimization. To evaluate the 

performance of the ACO variant developed in this study, test is conducted by applying it to 

TSP. In this study, an artificial ant is an agent which moves from node to node on a TSP 

graph. The basic concepts of the variant ACO (VACO) to solve the TSP include 1) the 

pheromone density grows faster on shorter edges; 2) artificial ants prefer edges with higher 
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pheromone density; 3) artificial ants communicate with each other through the pheromone 

they deposit on trails. Those ideas are interpreted in the application of VACO to TSP. Initially, 

each ant of a colony randomly picks a city to start with. It picks the next node to move to 

using the probability which is a function both of the pheromone on the edges between current 

node and its unvisited neighbor nodes and a heuristic value, as in equation (4.17). The 

heuristic value is defined to be inversely related with the length of edges. 

 

        {
[      ]  [      ] 

∑ [      ]  [      ] 
    

                                            
                         (4.17) 

 

where         is the probability with which ant m chooses to move from city i to city j. 

       is the pheromone along the edge between city i and city j.    is defined as a vector 

variable to keep the list of cities  which ant already visited.        is heuristic value and is 

defined as following: 

        
 

        
                  (4.18) 

where dis(i, j) is the distance between city i and its unvisited neighbor city j. Ant m at 

city r will choose an unvisited city s to move to if           where p is a value chosen 

randomly with uniform probability Ant in [0, 1]. 

 

When all the ants have completed a tour, the pheromone on all the edges in the domain 

is updated, based on whether the edges are traversed by best ant or by regular ants.  Here the 

best ant is the ant who found the shortest route in its colony. The edges which are traversed by 

best ant gets the most pheromone deposition, and the edges which are passed by the rest ants 

of the colony get some pheromone deposition, and those not picked by any ant does not get 

pheromone addition. All the edges get pheromone reduction due to natural evaporation.   

 

The VACO is used to solve the TSP with a given number of iterations of searching of 

ant colony. The program ends once the required iterations are finished or the solution 

converges. The best route so far is the best path picked by this VACO method, and the length 

of the route is the shortest path the sales person can achieve.  The algorithm consists of three 

layers of loops, similar to those described in section 4.2.   The VACO is used to solve the TSP 
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with a given number of iterations of searching of ant colony. The program ends once the 

required iterations are finished or the solution converges. The best route so far is the best path 

picked by this VACO method, and the length of the route is the shortest path the sales person 

can achieve.  The algorithm consists of three layers of loops, similar to those described in 

section 4.2.   The procedure to identify an ideal route for the TSP is illustrated in Figure 

4.1 and summarized as following:  

 

 

 

Figure 4.1 Demonstration for the variant ACO algorithm to solve TSP. 

 

 

1. At the beginning of an iteration, every ant of a colony randomly picks a city, and at the 

same time add the picked city into its rout memory. 

 

2. Shuffle the order of rest cities in the unvisited city list, calculate the probabilities for 

ant m at city r to move to all unvisited cities. Ant m picks the next city to move to, and 

adds the city into its route memory. Change the flag of edge which ant m traverses from 0 

to 1. 
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3. Has ant m visited all the cities? If not, repeat step 2, until all the cities are visited once, 

then the ant moves back to the city it begins the trip from. If yes, move on to step 4. 

 

4. Do all the ants in the colony finish the route identification? If not, repeat step 2 and 

step 3. If yes, evaluate the routs picked by all the ants in the colony, and classify ants into 

two groups: best ant which picked the shortest route and regular ants otherwise. 

 

5. Update pheromone density along all the edges in the domain with loop through ants in 

a colony in the following rules:  i) if an edge has not been chosen by an ant , τ(ij)(t + 1) = (1 

− ρ)τij (t) Here    is evaporating ratio, between 0 and 1;  ii) if an edge is on the path of best 

ant τ(ij)(t + 1) = (1 − ρ)τij (t) + e • ∆τe. The parameter e is elite factor, defined to be a positive 

number larger than one. iii) For the edges which were passed by regular ant,  τ(ij)(t + 1) = (1 

− ρ)τij (t) + ∆τij . Updating ends once the loop runs through all the ants in the colony. 

Evaluate the best so far route with iteration best route, update the best so far rout and 

memory of cities on the best so far rout.  

 

6. Is the required iteration finished or converge condition is met? If not, repeat steps 1 

through 5. If yes, report the best rout and cities on the best rout.  

 

4.3.2  Application of the ACO variant to LTM Network Optimization 

 

The goal of this study is to develop a variant of ACO for LTM network optimization to 

satisfy cost-saving requirement of LTM management while minimize the data loss resulting 

from removing the identified redundant wells. In the variant ACO method, artificial ant 

identifies a path which connects a given number of redundant wells in the LTM network. 

Different from solving the TSP, in the LTM optimization, artificial ants 1) only visit a given 

number of nodes, and do not visit all the nodes (wells) in the domain; to choose next node 

they move to in their path construction, they do consider all the unvisited nodes in the 

domain; 2) at the end of path construction, ants do not go back to the first node where it 

started the searching process for LTM optimization problem; 3) the distance between nodes is 

not relevant. What matters for ant path construction is the data interpolation accuracy after 

removing a given number of wells from the LTM network. 
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Initially each ant of a colony randomly chooses a well to visit. Ant m at well r identifies 

the next well s to move to by evaluating the probabilities which is a function of the 

pheromone along the edge between well r and its all unvisited wells and the heuristic value, as 

defined in equation (34). The heuristic value in this study is defined as the relative error of 

data interpolation as in equation (35). 

 

        
[      ]

 
[    ] 

∑ [   ]
 

[    ] 
 ∈    

       ∈                                 

 
where         is the probability with which ant m chooses to move from node r to node 

s.        is the pheromone along the edge between node i and node j, and N(s) is the pool of 

all unvisited neighbors of node i.      is the relative interpolation error when contaminant 

concentration is interpolated with the data at its neighbors, and is defined as following: 

 

      
|         |

   (         )
                                        

 

where         is the contaminant concentration at well j which is estimated with 

remaining neighbor wells.       is the true contaminant concentration obtained from data 

collection. 

Ant m at well r will choose an unvisited well s to move to if           (p is a value 

chosen randomly with uniform probability in [0, 1]. 

Once an ant identifies a predetermined number of nodes, its searching mission is 

fulfilled. At the end of each iteration, all the routes, which are identified by the colony of ants, 

are evaluated.  With the given number of redundant wells removal, the route which results in 

the least data interpolation error is the best route of the iteration, and the ant which identifies 

the best route in the iteration is called elite ant.  The pheromone along all the edges in the 

domain is updated according to the following rules: edges on the best route (related to the 

least data interpolation error) in the iteration get most pheromone deposition; and edges 

traversed by non-elite ants get certain lower pheromone deposit.  There is no pheromone 

deposition on the edges which are not chosen by ants. Pheromone evaporates along all the 



                  
 

44 
 
 

edges no matter they are traversed by ants or not.   The best so far route and least data 

interpolation error are also updated at the end of each iteration by comparing the 

least_so_far_data_error with the least_iteration_data_error. If least_so_far_data_error > 

least_iteration_data_error, the current least_so_far_data_error is updated with the 

least_iteration_data_error, and the current best_rout_so_far is also updated with the 

best_iteration_rout.  

The developed VACO consists of three levels of loops. The first is the iteration level, the 

colony of ant is the second level, and the third level is for each ant to choose a given number 

of nodes. The procedure of using the VACO for LTM is for ants to search for the best route is 

demonstrated in Figure 4.2 and summarized in the following: 

 

 

Figure 4.2 Demonstration of the VACO for LTM network optimization 

 

 

1. The algorithm starts with a colony of ants each seating at an imagined location outside 

the searching domain.  At the beginning of each iteration, the ant colony enters the 

domain with every ant randomly picking a node, and at the same time adding the picked 

node into its route memory. 
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2. Ant moves from current node to the next node, extending path by one node. This action 

consists of several sub-steps: a) randomly shuffle the order of remaining nodes in the 

unvisited node list, so that all the remaining nodes have equal chance to be visited by the 

ants. b) Estimate the relative interpolation error η at each unvisited well with the data at 

its neighbor wells using IDW, MIDW or OK data interpolation. c) Calculate the 

probabilities for an ant to move from its current well to each of all the unvisited wells. d) 

Use the probability values obtained in step c) and a random number to choose the next 

well for ant to move to. e) Extend the path to the newly picked well, update the flag 

variable from 0 to 1 for the edge which was traversed by the ant.   

 

3. Has the ant identified the given number of redundant wells? If not, repeat step 2. If yes, 

move on to step 4. 

 

4. Do all the ants in the colony finish the route identification? If not, repeats 2 and 3. If 

yes, calculate the root mean square error (RMSE or RMRE) for the routes picked by all 

the ants in the colony, and classify ants into two groups: best ant which identified the 

group of redundant wells and regular ants otherwise. 

 

5. Update pheromone density along all the edges for each ant in the colony using loop 

with the following rules:   

i) If an edge is chosen by an ant, τ(ij)(t + 1) = (1 − ρ)τij (t).  Here    is evaporating ratio, 

between 0 and 1.   

 

ii) If an edge is on the path of best ant τ(ij)(t + 1) = (1 − ρ)τ(ij) (t) + e • ∆τe. The parameter e 

is elite factor, defined to be a positive number larger than one.  

 

iii) For the edges which were passed by a regular ant,  τ(ij)(t + 1) = (1 − ρ)τij (t) + ∆τij. The 

best so far route and least data interpolation error are also updated at the end of each 

iteration by comparing the least_so_far_data_error with the least_iteration_data_error. 

If least_so_far_data_error > least_iteration_data_error, the current 

least_so_far_data_error is updated with the least_iteration_data_error, and the current 

best_rout_so_far is also updated with the best_iteration_rout.   
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This loop ends once all the ants in the colony finish updating pheromone density in the 

search domain. 

 

6. Is the required iteration finished or converge condition is met? If not, repeat steps 1 

through 5. If yes, report the best route and wells which are identified (visited) by this 

solution and its resulting least data interpolation error. 
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CHAPTER 5 

 

EVALUATION OF VACO WITH BENCHMARK TESTS 

 

 
Before applying the variant ant colony optimization algorithm (VACO) developed in this 

study to real world LTM optimization problem, it is necessary to access its performance with 

benchmark problems, the results of which are predictable. Section 5.1 shows the solutions by 

VACO to a simplified traveling salesperson problem (TSP), and the evaluation of the 

performance of VACO. Section 5.2 describes the generation of a synthetic LTM network of 

73 wells within a synthetic plume.  The optimization of the synthetic LTM network using 

enumeration method is presented in Section 5.3, with IDW and OK as data interpolation 

methods separately. Section 5.4 shows the application of VACO to the synthetic LTM which 

is generated in Section 5.2 for spatial optimization. The performance evaluation of VACO is 

conducted in Section 5.5 by comparing the optimization results of VACO with that of 

enumeration method, including the data loss, the computation time required, and the 

redundant wells identified by both methods.  Finally a conclusion is summarized in this 

section. 

 

5.1 Test VACO with TSP 

 

A simplified TSP scenario is designed in this section to test the performance of VACO.  

In this test, all the available paths the sales person can choose from can be displayed, and 

solution of this TSP is straightforward. So the performance of VACO to the small scale TSP 

can be evaluated visually. The graph of the small scale TSP consists of 4 cities, the locations 

of which are A(0,0), B(3,4), C(2, 5) and D(1,3). The distance between pairs of cities is listed 

in Table 5.1. All the available routes are shown in Figure 5.1. 

 

Table 5.1 The distance between pairs of cities in small scale TSP 

 

 

 

 

 

 

dis(A,A)=0 dis(A,B)=5 dis(A,C)=5.38 dis(A,D)=3.16 

   dis(B,A)=5 dis(B,B)=0 dis(B,C)=1.41 dis(B,D)=2.24 

dis(C,A)=5.38 dis(C,B)=1.41 dis(C,C)=0 dis(C,D)=2.24 

dis(D,A)=3.16 dis(D,B)=2.24 dis(D,C)=2.24 

 

dis(D,D)=0 
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A colony of 30 ants is assigned to VACO to solve the TSP, and maximum iteration number is 

set to 30. Multiple tests are conducted. The results are listed in Table 5.2. 

 

 

 

 

Figure 5.1.  Available routes for the TSP. 
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Figure 5.1. Continued 
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Table 5.2. Solutions to the example TSP with VACO. 

Number of 

ants in the colony iterations paths length 

30 30 D-C-B-A-D 11.81 

30 30 B-C-D-A-B 11.81 

30 30 D-C-B-A-D 11.81 

30 30 A-B-C-D-A 11.81 

30 30 B-C-D-A-B 11.81 

 

 

All the available paths the sales person can choose from are shown in Figure 5.1. i)  and 

ii). Investigation of those paths shows that the length of the shortest is 11.81, and there are 

more than one path with this shortest length, including A-B-C-D-A, B-C-D-A-B, C-B-D-A-D, 

D-A-B-C-D, etc. Examination of the VACO solutions to the TSP reveals that the VACO 

identifies the shortest paths, although the result paths are not always the same. 

 

5.2 Generation of a Synthetic LTM Network 

 

To test the performance of VACO for LTM optimization, in this section it is applied to a 

synthetic LTM network which is set up in a site with synthetic plume. Both the enumeration 

method and VACO are to be adopted to optimize this synthetic LTM network, and results are 

analyzed at the end.  

 

5.2.1. Generation of a Synthetic Plume 

 

The synthetic plume is generated by injecting an unreactive contaminant with mass m 

instantaneously into an extensive homogenous aquifer of thickness b and average pore water 

moving velocity of v. The contaminant transportation through advection and dispersion is 

governed by equation 5.1 

 

         
   

  √    
   ( 

       

    
 

  

    
)               (5.1) 

 

where    and    are dispersion coefficients of the contaminant.  The parameters used to 

generate the synthetic plume are listed in Table 5.3. 
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Table 5.3. The parameters for the generation of the synthetic plume 

 

 

 

 

 

 

 

In the real world, most contaminants are brought into subsurface through percolation of 

rain or surface water.  The migration of contaminants in subsurface and groundwater is 

influenced to certain extent by advection, dispersion, diffusion and retardation processes, 

depending upon the characteristics of contaminants, groundwater, soils and site hydrology. 

The composition and structure of subsurface soils and hydrology properties generally vary 

from site to site, and different types of contaminants react differently with soils and 

groundwater. It can be difficult to predict the movement and distribution of contaminants in 

groundwater and soils.   

 

The prevalent movement of contaminants in the aquifer is advection, which is caused by 

the flow of groundwater. The velocity and direction of groundwater flow is governed by 

Darcy's Law, and the controlling factors include site hydraulic gradient and soil property.   In 

the same subsurface media, groundwater flows faster if site hydraulic gradient is higher. For 

given site hydraulic gradient, the higher soil hydraulic conductivity, the higher the velocity of 

groundwater advection flow. Besides the advection transport with groundwater flow, the 

contaminants in aquifer migrate with diffusion and dispersion which help the spreading out of 

contaminants to form a plume. Diffusive migration of contaminants is driven mainly by 

concentration gradient.  Dispersion consists of both molecule and mechanical dispersion, 

which is driven by pore to pore velocity variation of contaminant movement, velocity 

variation within pores, local flow pattern, source strength, etc.  Dispersion dominates 

diffusion.   

 

    xmax=150, xmin=0m, dx=2m 

    ymax=50m, ymin=-50m, dy=2m 

    m=10000.0mg 

    Dx=2 m
2
/day; 

    Dy=1m
2
/day; 

    v=0.5m/day; 

    b=1.0 m; 
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Retardation is another process which affects the migration of contaminants in 

aquifer.  Highly soluble contaminants move readily in subsurface with groundwater. Organic 

contaminants such as TCE and PCE can absorb onto fine particles and reside in soil for a long 

time resulting in an effective retardation of the contaminant movement.  Retardation may 

happen through adsorption or precipitation.  

 

In this synthetic case, it is assumed an unreactive contaminant is injected into a saturated 

aquifer in homogenous media, with groundwater flowing from left to right. The migration of 

the contaminant is only controlled by advection and dispersion processes.   Figure 5.2 shows a 

snap shot of the simulated contaminant plume at t=168 day. 

 

The contaminant source moves in the groundwater flow direction, and spreads out 

dispersively and diffusively from highly concentrated areas to less concentrated areas to form 

a contaminant plume. The concentration of contaminant is high in the area near the source 

which is the center of the oval plume, and decreases in all directions, slower along the 

direction of groundwater water flow, faster in the direction perpendicular to the flow due to 

the different scale of dispersion coefficient in those two directions. 

 
Figure 5.2. A snap shot of the synthetic plume generated by injecting 

a drop of unreactive contaminant into an aquifer of homogenous media. 

 

 

Since the contaminant is unreactive, it is assumed there is no chemical reaction 

occurring between contaminant and subsurface soil media. The contaminant is also assumed 
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to stay dissolved in the groundwater and does not absorb onto soil particles; thus, the 

retardation process is not considered in the formation of the synthetic plume. Figure 5.3 

shows the concentration variation inside the plume.  

 

 

Figure 5.3. The contaminant concentration variation inside the synthetic plume. 

 

 

5.2.2 Data Interpolation with IDW and OK 

 

A synthetic LTM network of 73 wells is put in the above generated synthetic plume as 

shown in Figure 5.4. The synthetic wells are intentionally set up in the way so that 67 wells 

are installed in groups and close to neighbor wells as shows by the round dots in Figure 5.4, 

and 6 are away from neighbor wells, shown as rhombus dots. The identification numbers of 

those single wells are 10, 23, 30, 39, 70, 71. Those IDs don’t have physical meaning.  

According to geostatistical interpolation methods, data at those 67 grouped wells are assumed 

to be interpolated with relatively higher accuracy, while data at the 6 single well cannot be 

interpolated with low error.  This assumption will be investigated after optimization is 

conducted. 
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Figure 5.4. Distribution of the synthetic LTM network wells.  

 

Ordinary kriging (OK) and inverse distance weighing (IDW) are adopted as data 

interpolation methods individually in both numeration optimization method and VACO 

method. The results of data interpolation with IDW and OK are evaluated with cross-

validation as shown in Figure 5.5.   

 

 

 
 

Figure 5.5. Cross validation of interpolation results with IDW and OK. 
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The root mean relative error (RMRE, defined in Section 3.5) of 0.1953 for OK and 

0.2371 for IDW indicates that the overall performance of OK is better than that of IDW in 

data interpolation for the synthetic data set. Figure 5.5 shows at the above mentioned 6 wells, 

the interpolation errors of both IDW and OK methods are significantly larger than at the rest 

of the clustered wells where the interpolation results are close to the true values.  Investigating 

the locations of the above 6 wells shows that all of them are the single ones which are away 

from surrounding wells. The interpolation RMRE of the above 6 single wells with IDW is 

0.827, and 0.723 with OK. That is to say, removing them would cause relatively large data 

loss. So those 6 wells are not redundant wells.  

 

5.3. Optimization of the Synthetic LTM with Enumeration Method 

 

To create a benchmark to assess the performance of VACO for LTM optimization, a 

series LTM optimizations with enumeration method are conducted for the synthetic LTM 

network which is generated in Section 5.2 for the cases with redundant wells of  3, 4, 5, 6, 7 

individually, using IDW and OK as data interpolation methods separately.  The results are to 

be used to evaluate the performance of VACO in Section 5.5. 

 

5.3.1 Optimization Using Numeration Method with IDW for Data Interpolation 

  

Figure 5.6 presents the relationship between number of redundant wells and the data loss 

(RMRE) which is caused by removing the identified redundant wells by numeration method 

with IDW. It is shown that the more wells to be removed, the more data loss to be incurred. 

The data loss resulting from optimization grows slowly as the number of redundant wells 

grows from 3 to 4, then to 5. However, as the number of redundant wells increases from 5 to 6, 

the data loss caused by removing these wells doubles. There is no liner relationship between 

these two variables.  

 

Figure 5.7 shows the exponential relationship of the number of redundant wells to be 

removed and the time it takes for the enumeration method with IDW as data interpolation 

method to identify those wells.  The above relationship indicated that identifying large 

number of redundant wells in large LTM site is not realistic time wise.   
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Figure 5.6. Data loss resulting from removing redundant wells  

Identified by enumeration - IDW 

 

 

 

Figure 5.7. Time taken by enumeration  – IDW to identify redundant wells 
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5.3.2 Optimization Using Enumeration Method with OK For Data Interpolation  

 

The relationship between number of redundant wells and the data loss resulting from 

removing the identified redundant wells is displayed in Figure 5.8, using enumeration method 

with OK as optimization method. The statement that the more wells to be removed, the more 

data loss to be incurred is also true in this case. However, in this case, the data loss grows 

steadily with the number of redundant wells that are removed.  The data loss caused by 

removing 7 redundant wells is about twice as much as that caused by removing 3 redundant 

wells.  There is an approximately liner relationship between those two variables.  

 

An exponential relationship between the number of redundant wells and the time cost to 

identify the ideal group of those wells is also observed in the numeration optimization with 

OK as data interpolation method, with different scale from enumeration-IDW, as shown in 

Figure 5.9.   

 

 
 

Figure 5.8. Data loss caused by removing redundant wells  

by enumeration method with OK 
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wells. It takes 10 times longer when the number of redundant wells increases from 6 to 7.  It is 

indicated that the time required to identify relatively large number of redundant wells in large 

LTM site can be too long to be realistic for enumeration – OK optimization method.   

 

 

 

Figure 5.9. Time taken by enumeration - OK to identify redundant wells 

 

 

5.3.3. Compare the Optimal Solution Using Enumeration-OK and Enumeration-IDW   

 

The numerical presentation of the synthetic LTM optimization results using enumeration 

– IDW and enumeration – OK is documented in Table 5.3. The time required for enumeration 

–ok to identify 7 redundant well is estimated with calculation, because it takes too long to run 

the program.  Column one lists the number of redundant wells to be identified, the data loss 

(RMRE) caused by removing the redundant wells is in columns two and three, and in columns 

four and five  are the time (seconds) required for enumeration – IDW and enumeration –OK 

to perform the optimization. The performance and efficiency of enumeration optimization 

with IDW and OK as data interpolation methods are displayed in Figures 5.10 and 5.11. 
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IDW, there is exponential relationship between time required and the number of redundant 

wells to be identified, in different scales.  For this synthetic LTM network, removing the 

group of redundant wells identified by enumeration optimization with OK results in much less 

data loss than with IDW for data interpolation. And the difference grows as the number of 

redundant wells to be removed increases.  

 

 

Table 5.4.  The synthetic LTM optimization with enumeration method 

 

NO. of 

Redundant 

Wells 

data loss (RMRE) Time required (seconds) 

enum-IDW enum-OK enum-IDW enum-OK 

3 0.0013 0.000524    28   42 

4 0.0015 

    

0.000623    522   845 

5 0.0018 

            

   0.00066    6849   13079 

6 0.0036    0.0007    77100  168925 

7 0.0045     777238 *1301606 

 

 

 

 
 

Figure 5.10. Time required by enumeration optimization (IDW vs. OK) 

to identify redundant wells  
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Figure 5.11. Time required by enumeration optimization  method  

to identify redundant wells  (in lg scale) 

 

 

 

 
 

Figure 5.12. RMRE caused by removing redundant wells  

Identified by enumeration – IDW and enumeration - OK 
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Table 5.4 lists the redundant wells which the enumeration optimization method identifies 

with IDW and OK separately.  The numbers in the list of identified redundant wells are IDs of 

those wells, representing their orders in the initial data file, and do not indicate physical 

locations. The redundant wells chosen by the two methods are different, and in both methods, 

the ideal solutions consider overall data loss to guarantee global optima optimization, not 

simple addition or subtraction. For example, the optimal solution for the removing 4 

redundant wells case is not comprised of the entire set of wells from the optimal solution 

for 3 redundant wells case plus one more well.  

 

 

Table 5.5. The redundant wells identified by LTM optimization  

with enumeration method. 

Number of 

redundant wells 

Well identified as redundant 

Enumeration -IDW Enumeration -OK 

3 15,40,52 34,36,40 

4 15,29,35,40 34,36,40,46 

5 15,29,35,40,52 34,36,40,46,61 

6 14,15,29,35,40,52 27,34,36,40,46,61 

7       15,26,27,28,29,40,52       

 

 

5.4. Synthetic LTM Optimization Using the Variant ACO  

Developed in This Study 
 

The optimization of the synthetic LTM generated in Section 5.2 is conducted using the 

variant ACO developed in this study, with IDW and OK as data interpolation methods 

separately. A colony of 150 artificial ants is employed for the optimization. The number of 

iterations for the ant colony to traverse the search field is not fixed and it is problem specific. 

In this section, number of iterations starts with a small number, and goes up until convergence 

is reached. Here the convergence is defined as the condition at which removing the identified 

group of wells will result in least data loss, and further effort cannot improve the result no 

matter how many more iterations the ant colony will search through the domain. 

 

Based on the ACO algorithm, the number of ants assigned to the colony is relevant to the 

number of wells in the LTM network.  With ACO, at the beginning of each iteration, every 

ant in the colony randomly picks a well to start route construction activities. It is suggested 
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that the number of ants is equal or larger than number of wells in the LTM network so that all 

the wells have chance to be selected at beginning. In this test, number of ants in the colony is 

about twice as much as number of wells in the synthetic LTM network, which is 73. So the 

number of ants in the colony is assigned to 150. 

 

In VACO, the minimal number of iterations for ants to traverse the domain is defined as 

the number of iterations for the optimization program to converge, and it is decided according 

to the ACO algorithm and the try and error. In this VACO algorithm, at the end of first 

iteration, the program compares all the routes picked by the 150 ants, and chose the best one 

as the solution. So it is possible that the ideal path is identified at the end of first iteration, but 

this solution cannot guarantee to be the best solution.   The optimization with ACO depends 

on the pheromone density update to differentiate trails. Pheromone update starts at the end of 

first iteration and continues at the end of each following iteration until the program converges. 

Theoretically, ACO starts optimization in second iteration, improves results as the process 

goes on.  Before reaching convergence, the more iterations the ant colony searches, the better 

solution construction they can achieve. So the feasible number of iterations required by the 

VACO is problem specific. Figure 5.11 shows the relationship of the number of iterations at 

convergence and number of redundant wells to be identified, and data interpolation methods. 

 

 

Figure 5.13.  Iterations at convergence for different cost saving levels with VACO-IDW 
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In Figure 5.13, it is shown that optimizing a LTM network for different cost saving 

levels (removing different number of redundant wells) takes different iteration. To identify 3, 

or 4, or 5 or 6 redundant wells from the synthetic LTM network, the VACO-IDW method 

only to run 2 or more iterations. To identify 7 redundant wells, the VACO-IDW program 

would need to run 20 or more iterations. Because IDW is fast and using VACO-IDW to 

optimize the synthetic LTM does not take long, to be on safe side, the minimum number of 

iterations is set to be 10 for all the cases in this section. 

 

 

 

Figure 5. 14. The convergence iterations to identify 3, 4, or 5 

redundant wells with VACO-OK 

 

 

Figure 5.14 and Figure 5.15 show the convergence iterations for VACO-OK to identify 

different number of redundant wells from the synthetic LTM network. Obviously, to identify 

same number of redundant wells from the synthetic LTM network, it takes VACO-OK much 

more iterations than VACO-IDW. It takes longer time for OK to interpolate data than IDW 

for same LTM network and same number of redundant wells, so VACO-IDW is much more 

time efficiently than VACO-OK. 
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Figure 5. 15. The convergence iterations to identify 6 or 7 

redundant wells with VACO-OK 

 

 

Table 5.6.  Parameters assigned to  VACO for synthetic LTM optimization. 

Symbols name values assigned 

iteration iterations   Problem specific 

ants number of ants in the colony 150 

ρ pheromone evaporation ratio 0.01 

e elite effect 3 

α parameter weighting the pherom. and heuristic info 0.1 

β parameter weighting the pherom. and heuristic info -0.5 

 

 5.4.1. LTM Optimization Using VACO with IDW as Data Interpolation Method 

 

Table 5.6 presents the results of identifying redundant wells with VACO-IDW, including 

the group of redundant wells to be removed with the least data loss and the time which is 

required to perform the optimization.  It is shown that it takes no more than 30 seconds for 

VACO-IDW the colony of 150 ants to identify the best set of required number of redundant 

wells. 
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Table 5.7. The redundant wells identified with VACO-IDW  

 

No. of 

redundant wells 3 4 5 6 7 

Error (RMRE) 0.0013 0.0015 0.0018 0.0036 0.0045 

Conv. time 

(seconds) 11 12 13 14 29 

Conv. 

Iterations 10 10 10 10 20 

Redundant wells 

40,15,52 35,15,40, 

29 

52,15,29, 

40,35 

14,15,29,35, 

40, 52 

15,26,27,28, 

29,40,52 

 

 

Figure 5.16 shows the relationship between the number of redundant wells and the data 

loss (RMRE) resulting from removing those redundant wells. It is indicated that the data loss 

goes up with the number of redundant wells to be removed, the growth is slow when the 

number of wells to be removed increases from 3 to 4, and then to 5 . The error (RMRE) 

doubles when the number of redundant wells increases from 5 to 6. From Table 5.6, it takes 

less than 30 seconds for VACO-IDW to optimize the synthetic LTM network.  Although the 

time it takes to identify the redundant wells with VACO-IDW grows as the number of 

redundant wells increases, there is no a clear pattern between those two variables. 

 

 

 

Figure 5.16. RMRE caused by removing redundant wells identified by VACO- IDW 
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5.4.2. LTM optimization using VACO with OK as data interpolation method 

 

The groups of redundant wells identified with VACO-OK, the least data loss (RMRE) 

resulting from removing those redundant wells, the time consumed by VACO-OK, and the 

convergence  iterations for the ant colony  to search the domain are documented in Table 5.7. 

Figure 5.17 shows the data loss (RMRE) due to removing redundant wells. Figure 5.18   

shows the time which is consumed by VACO-OK to identify the ideal redundant wells. The 

number of iterations recorded in this table is the minimal iterations at convergence.   It is 

indicated that data loss goes up with the number of redundant wells to be removed in a linear 

pattern when optimization removes no more than 10% wells from the synthetic LTM network.   

 

 

Table 5.8. The redundant wells identified with VACO-OK 

No. of 

redundant wells 3 4 5 6 7 

Error  (RMRE)  0.000524 0.000623 0.00066 0.0007 0.000795 

Time (seconds) 200 700 1000 5500 6800 

Iterat. (converg.) 50 125 150 600 900 

Redundant   

Wells identified 

34,36,40 34,36,40,46 34,36,40, 

46,61 

34,36,40, 

46,61,27 

14,15,34,36, 

41,46,61 

 

The time it takes for VACO-OK to converge increases with the number of redundant 

wells to be identified in an exponential pattern given the condition that no more than 10% 

wells are to be removed from the synthetic LTM network.  

 

Table 5.8 shows that when using VACO to optimize the synthetic LTM network, data 

loss resulting from removing redundant wells identified by VACO- IDW is about 2 times 

more than that with VACO-OK for same cost saving condition. The time it takes for VACO-

OK to converge is much longer than VACO-IDW when identifying same number of 

redundant wells, can be over 200 times longer to identify 10% wells as redundant from the 

synthetic LTM network generated in Section 5.2. 
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Figure 5.17. RMRE resulting from removing redundant wells 

 by VACO – OK 

 

 

 

Figure 5.18.  Time it takes for VACO-OK to converge 
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             Table 5.9. Data loss and time of convergence with VACO optimization 

NO. of 

redundant 

wells  

data loss (RMRE) 

Time  to 

converge(seconds) 

VACO-OK 

VACO-

IDW 

VACO-

OK 

VACO-

IDW 

3 0.000524 0.0013 200 11 

4 0.000623 0.0015 700 13 

5 0.00066 0.0018 1000 13 

6 0.0007 0.0038 5500 14 

7 0.0008 0.0045 6800 29 

 

 

 

5.5 Evaluate the Performance of VACO against Enumeration Method 

 

To assess the performance of VACO developed in this study, analysis is conducted 

about the optimization results of VACO and enumeration method in the following three 

aspects: data loss resulting from removing redundant wells identified by VACO and 

enumeration method from the synthetic LTM network for the same cost saving levels; The 

time it takes for VACO and enumeration method for the optimizations; the redundant wells 

identified by VACO and enumeration method.   

 

5.5.1. Comparison of Optimization Results with Enumeration – IDW and VACO - IDW  

 

The results of optimization of the synthetic LTM network with enumeration – IDW and 

VACO – IDW are presented in Figure 5.19, Figure 5.20. , Table 5.9 and Table 5.10.  It is 

indicated that removing the same number of redundant wells identified by VACO-IDW and 

enumeration-IDW from the synthetic LTM network results in the same data loss.  The time 

required for VACO-IDW to identify redundant wells is much shorter than the time it takes 

enumeration – IDW to identify the same number of redundant wells.  The time required for 

VACO-IDW to identify redundant wells does not increase remarkably with the increase of the 

number of redundant wells in this test case (as many as 10% wells are taken as redundant), 

while the time for enumeration-IDW  to perform the same function increase exponentially  

with the number of redundant wells to be chosen. For example, to identify 7 redundant wells 

from the 73 LTM network, it takes VACO-IDW 29 seconds, while it takes enumeration-IDW 

about 750,000 seconds. Table 5.7 shows the redundant wells identified by VACO-IDW are 
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same as those by enumeration-IDW, indicating that the VACO-IDW is able to find the 

optimal solutions for these cases. In Figure 5.20., the time consumed by VACO-IDW cannot 

be seen because it is too short compared with that of enumeration-IDW. 

 

 

 
 

Figure 5.19.  RMRE resulting from removing redundant wells 

(enumeration-IDW vs. VACO-IDW) 

 

 

Table 5.10. Data loss and time required for LTM optimization 

with enumeration – IDW and VACO-IDW at convergence  

NO. of 

redundant wells 

data loss (RMRE) 

Time  to 

converge(seconds) 

enum-

IDW 

VACO-

IDW enum-IDW 

VACO-

IDW 

3 0.0013 0.0013 28 11 

4 0.0015 0.0015 522 13 

5 0.0018 0.0018 6829 13 

6 0.0038 0.0038 77100 14 

7 0.0045 0.0045 777238 29 
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Figure 5.20.  Time required to identify redundant wells 

(enumeration-IDW vs. VACO-IDW) 

 

 

Table 5.11.  The redundant wells identified by enumeration-IDW vs. VACO-IDW 

Number of redundant 

wells 

Well identified as redundant 

Enumeration -IDW VACO-IDW 

3 15,40,52 15,40,52 

4 15,29,35,40 15,29,35,40 

5 15,29,35,40,52 15,29,35,40,52 

6 14,15,29,35,40,52 14,15,29,35,40,52 

7 15,26,27,28,29,40,52 15,26,27,28,29,40,52 

 

 

5.5.2. Comparison of Optimization Results With Enumeration – OK and VACO - OK  

 

The results of the synthetic LTM network optimization with enumeration – OK and 

VACO – OK are presented in Table 5.11, Table 5.12 and Figure 5.21.  In the case of 

removing 7 wells, because it takes too long to run the optimization, the simulation was not 

finished. The time required by enumeration-ok to identify 7 redundant wells is a calculated 

value. The information of the 7 redundant wells identified by enumeration – ok and related 

data loss is missing in those tables and figure. Study of figure 5.21 and tables 5.11 and 5.12 

reveals that  enumeration method and VACO identify same redundant well groups, thus same 

data loss results from removing those redundant wells, with OK as data interpolation methods. 
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The primary difference between the above mentioned optimization methods is time they 

consume. As the cost saving level or the number of redundant wells to be removed increases, 

the time required to identify them goes up with enumeration –OK optimization method faster 

than VACO-OK. To identify 3 redundant wells from the synthetic LTM network, 

enumeration-OK method is faster than VACO-OK.  When more than 4 redundant wells are to 

be removed, it takes longer time for enumeration –OK method to identify the redundant wells 

than VACO-OK. The difference increases fast as more wells are to be removed as redundant. 

The time for enumeration – OK to identify 6 redundant wells is 30 times longer than VACO-

OK. When 10% cost saving level is required from this synthetic LTM network, 7 out of 73 

monitoring wells are to be removed, and the time it takes for enumeration –Ok to identify 

redundant wells is unrealistically long,  over 250 times longer than VACO-OK method .  

 

 

Table 5.12. The redundant wells identified by enumeration-OK vs. VACO-OK 

 

Number of 

redundant wells 

Well identified as redundant 

Enumeration –OK VACO-OK 

3 34,36,40 34,36,40 

4 34,36,40,46 34,36,40,46 

5 34,36,40,46,61 34,36,40,46,61 

6 27,34,36,40,46,61 27,34,36,40,46,61 

7 

 

14,15,34,36,40,46,61 

 

 

 

Table 5.13. Data loss and time required for LTM optimization 

with enumeration – IDW and VACO-IDW at convergence 

 

NO. of 

redundant wells 

data loss (RMRE) 

Time  to 

converge(seconds) 

enum-OK 

VACO-

OK enum-OK 

VACO-

OK 

3 0.000524 0.000524 42 200 

4 0.000623 0.000623 845 700 

5 0.00066 0.00066 13079 1000 

6 0.0007 0.0007 168925 5500 

7 

 

0.0008 * 1809164 6800 
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Figure 5.21.  RMRE resulting from removing redundant wells 

(enumeration-OK vs. VACO-OK) 

 

 

 

Figure 5.22.  Time required for identifying redundant wells 

(enumeration-OK vs. VACO-OK) 
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Figure 5.23. Time required for identifying redundant wells 

(enumeration-OK vs. VACO-OK, In lg scale) 

 

 

Investigation in Sections 5.5.1 and 5.5.2 shows VACO could identify the same 

redundant wells as enumeration optimization method for the same cost saving level 

requirement, and with same data accuracy, when using same data interpolation method. There 

is huge difference in the time consumed for enumeration optimization method and VACO 

method in the synthetic LTM optimization. It takes much longer time for Enumeration 

optimization method than VACO to achieve same cost saving and data accuracy.  

 

The observation reveals that none of the 6 wells which put far from neighbor wells in 

Section 5.2 in the synthetic LTM network, including the wells with IDs of 10, 23, 30, 39, 70, 

71,  is identified as redundant well by either VACO or enumeration optimization method.  

None of the 6 above mentioned wells is close to other wells, cannot be interpolated accurately 

with surrounding wells, and supposed not to be chosen as redundant well(s). The fact that 

none of these 6 wells gets picked as redundant wells indicate to same extent that both VACO 

and enumeration method are reliable optimization methods.   

 

 

1

10

100

1000

10000

100000

1000000

10000000

3 4 5 6 7

enumeration-OK

VACO-OK
   

T
im

e
 (

s)
 

Number  of  redundant  wells  



                  
 

74 
 
 

CHAPTER 6 

 

SITE APPLICATION 

 

 
Site application is presented in this chapter to demonstrate the performance of the variant 

ant colony optimization methods (VACO) developed in this study for spatial optimization of a 

LTM site. This chapter consists of four sections:  Section 6.1 introduces site groundwater 

geology, sources of contamination, history of remediation, LTM operation and maintenance at 

the Fort Lewis Logistics Center, Washington; Section 6.2 presents the process and 

interpolation of the on-site contaminant data collected from the LTM site in September, 2000 

at the Fort Lewis Logistics Center, Washington. Section 6.3 presents the results of 

optimization using the VACO methods to the LTM at the above mentioned site, including 

data loss resulting from removing the redundant wells identified by VACO, the time required 

and the redundant wells identified. Section 6.4 covers he optimization results analysis and 

summary. 

 

6.1 Site Description 

 

The field data were collected from 30 wells inside a LTM network in the Upper 

Aquifer at the Fort Lewis Logistics Center, a 650 acre area within the Fort Lewis Army 

Facility, which is located south of Tacoma in Pierce County, Washington. The site is 

underlain by extremely complex and heterogeneous sequence consisting of sand and gravel 

glacial deposits with till layers overlaying finer-grained, nonglacial deposit. Those diverse 

deposits, varying both horizontally and vertically, are broadly categorized into an upper (also 

referred to as the Vashon unconfined aquifer) and a lower aquifer (referred to as the sea-level 

aquifer). The upper aquifer is continuous throughout the study area, generally is unconfined, 

and ranges in thickness from about 100 to 200 ft, ground water flows from southeast to 

northwest. 

 

According to Fact sheet (USGS, 1998), Fort Lewis Army Facility, built in the early 

1940’s, is an industrial complex consisting of warehouses, motor pools, maintenance facilities, 

and an equipment disposal yard area. Operations conducted at the Logistics Center include 

maintenance of aircraft and vehicles, repair and refurbishing of weapons and neutralization of 
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caustic paint stripping waste and battery acids. These site activities contaminated groundwater, 

soil, sludge and surface water with hazardous chemicals. The chemical contaminants 

including trichloroethylene (TCE) and perchloroethylene (PCE) which were used as 

degreasing solvents for maintenance activities were disposed of with waste oil directly or 

indirectly into the soil within the Logistic Center from 1940s to middle 1970s.  It was not 

until late 1980s that a plume of volatile organic compounds (VOCs) – contaminated ground 

water was detected in the shallow, unconfined aquifer under the Logistics Center and 

extending to west. The Army's Remedial Investigation in 1987 and 1988 confirmed that the 

East Gate Disposal Yard at the southeast end of the Logistics Center was the main source of 

the VOCs in the shallow aquifer and that the contamination posed an unacceptable risk to the 

environment and to human health (Figure 6.1). The primary contaminants in the ground water 

were found to be volatile organic contaminants including PCE, TCE and DCE.   In late 1989, 

the Fort Lewis Logistics Center was designated a Superfund site on the EPA's National 

Priorities List. 

 

Remediation projects were conducted since Aug 31
st
, 1995, to restore the quality of 

groundwater and soil of Logistic Center with pumping and onsite ground water treatment with 

air stripping, and then discharging the treated water onsite into specially designed infiltration 

trenches.   The treatment system was observed at a better than 99% removal efficiency rating 

achieving design specifications. Monitoring data also demonstrates that air emissions of 

volatiles have remained consistently below discharge limits set by Puget Sound Air Pollution 

Control Agency.  

 

The long term monitoring (LTM) network at the site has been operated and maintained  

since 1999.   The cost of this remediation is estimated to be $9,068,000, which includes an 

annual operation and monitoring cost (exclusive of maintenance) of $517,000 for 30 years.  

The LTM data, which is used for the monitoring network optimization in this study, was 

collected from the upper aquifer at Logistics Center during the September 2000 monitoring 

period. 
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Figure 6.1. The TCE plume under Logistics Center  

(Ref to USCS fact sheet, July, 1998) 

 

 

6.2 Data process and Interpolation 

 

In this study, data interpolation is an indispensable component of LTM network 

optimization with ACO. Inverse distance weighting (IDW), ordinary kriging (OK) and 

modified inverse distance weighting (MIDW) are the three data interpolation methods used by 

ACO separately. All of above three methods estimate the value at an unsampled location as 

the weighted average of the values at its surrounding sampled locations, although the methods 

to calculate weights of neighboring locations are different from each other. The general 

assumption of those interpolation methods is ―Everything is related to everything else, but 

near things are more related than distant things (Waldo Tobler ,1970)."  In other words, when 

estimating the value at unsampled point, near points generally receive higher weights than the 

points far away.  The basic situation considered by those interpolation methods is a single 

contaminant source migrating in medium not too diverse. That is to say, interpolation doesn’t 

function well when there isn't a meaningful value of the variables at every point in space 

(within the region of interest). Therefore, before conducting optimization of LTM in the field, 

it is necessary to evaluate the data file, eliminate irregular data so the optimization results are 

not seriously biased.  
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Theoretically, all the traditional data interpolation methods assume data collected from 

locations that are close to one another are more alike than those far away from each other. In 

the field, however, irregular situation can occur for various reasons. For example, error in data 

collection process, wrong labels, contaminated samples, etc., all may cause irregular data 

record. Second, the general data interpolation methods in groundwater hydrology are based on 

the assumption of single contaminant source migrating in homogenous medium, which is not 

true in many real world cases and can result in sharp gradients in contaminant concentration.  

Under either situation, interpolation cannot function well, and related sampling points cannot 

be removed as redundant wells. Given the extremely complicated and heterogeneous aquifer 

in this study, special attention is necessary for data process before heading to LTM network 

optimization.   

 

The distribution of the 30 monitoring wells in the long term monitoring network and the 

contaminant concentration contour at the Fort Lewis Logistics Center site are present in 

Figure 6.2.   It is shown that over through the site, the concentration of TCE is lower than 5 

ug/l, the groundwater cleanup standard of Federal water quality standards or maximum 

contaminant levels (MCLs). The highest concentration of TCE was recorded at the wells 

located at southeast corner, and lowest concentration was found in the wells on the northwest 

side of the site, which indicates the source of contamination was located at southeast side, and 

spread out with ground water which flows from southeast to northwest. Irregularly low 

concentration was noticed from two wells (12 and 16), which are physically close to the 

source of contamination, to the east at wells 20 and 21. Here those numbers are the IDs of 

monitoring wells, and they have no physical meaning. 

 

Figures 6.3 and Figure 6.4 show the interpolated TCE concentration in the LTM wells at 

the Fort Lewis Logistics Center using IDW, OK, and MIDW and the corresponding 

estimation error (RMSE, see Section 3.5), with the y-axis of in linear-scale, and  in log-scale, 

respectively. The x-axis shows the IDs of sampling location; note that the ID numbers do not 

have physical meaning. The lines connecting dots in the figures do not mean the neighboring 

wells are physically close to each other, they just mean the dots connected with one line are 

those estimated with the same data interpolation method.  For the IDW method, the power 

distance parameter is set to be 2, according to groundwater literature in which IDW is adopted 
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for data interpolation.  An exponential model is fit for OK with a = 1920 and c = 0.95. In the 

LTM network at the Fort Lewis Logistics Center, site contaminant plume is assumed to be 

stable, and there are no significant variations in contaminant concentration in contiguous 

sampling events.  Thus it is assumed that the contaminant concentration pattern over the site 

of one sampling event can be adopted in the later data interpolation to improve the accuracy 

of traditional IDW, to develop its variant interpolation method MIDW (see Section 3.4).  

 
 

 
Figure 6.2.  The distribution of the 30 monitoring wells and TCE concentration contour 

at the  Fort Lewis Logistics Center. 

 

 

Figures 6.3 and 6.4 indicate that for samples at well IDs 5, 7, 12, 14, 16, and 20, there is 

remarkable difference between measured values and interpolated values when IDW is 

employed at interpolation method. The performance of OK is similar to IDW, slightly better 

at the locations of above mentioned IDs. The interpolated values with MIDW are relatively 

close to the measured values compared with IDW and OK. The root mean square error 

(RMSE) which is defined in Section 3.5 (Equation 3.20) provides a measure of the overall 

accuracy of the interpolated values and indicates that MIDW performs better than IDW and 
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OK to the field data site. This is because the previously measured TCE concentration values 

are incorporated in weight calculation.     

 
 

 

Figure 6.3  Interpolation of TCE concentration for 30 samples  
at the Fort Lewis Logistics Center 

 

 

 
 

Figure 6.4  Interpolated TCE concentration in log scale for 30 samples 

 at the Fort Lewis Logistics Center. 
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Figures 6.3 and 6.4 also suggest that IDW tends to significantly overestimate the 

contaminant concentration at the wells where the measured values are very low, and 

significantly underestimates the contaminant concentration at the wells where the measured 

values are very high, although the overall estimation error (RMSE) of IDW is slightly lower 

than that of OK.  

 

In this study, REE is defined as the difference of the measured value and estimated 

value divided by the smaller one between the two. Figure 6.5 shows the relative 

estimation error (REE) of the contaminant TCE concentration interpolation at all the 30 

sampling wells.  

 

 

 
 

Figure 6.5 Relative error of concentration interpolation for 30 samples 

 at the Fort Lewis Logistics Center. 

 

 

The REE at well IDs 5,7, 12, 14, 16 is much higher than that in the rest wells when using 

IDW and OK interpolation. Data investigation reveals that this is due to the big difference 

between the measured values and estimated values, and very low measured contaminant 

concentrations at those locations. At wells IDs 12 and 16, the REE is high for both OK and 

IDW, and over 1000 with IDW, because the estimated values are 1000 times higher than the 

measured values at those two wells. Wells with IDs 20 and 21 have highest contaminant 
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concentration over the LTM site. According Figure 6.2, they are at or close to the source of 

contamination, and not far from the irregular wells IDs 12 and 16 from which the contaminant 

concentration is extremely low, which means irregular situation might occur on site. Either 

data collection error or abrupt stratigraphy change present at wells 12 and 16. So the 

contaminant concentration at well IDs 12 and 16 cannot be interpolated with little error by 

using surrounding data, and cannot be used to interpolate other wells either. They are not to 

be used for data interpolation in this study, and should not be considered as redundant wells. 

As a result, there are 28 wells in the Fort Lewis Logistics Center remediation site available for 

LTM network optimization. 

 

 

 

Figure 6.6 Interpolation error of TCE concentration with IDW  

before and after removal of the irregular samples  

 

 

The effect of removing irregular measurements from 30 field data set on the result of 

interpolation is presented in Figures 6.6, 6.7 and 6.8.   It is indicated that removing the 

irregular data from the measured TCE concentration file reduces the error of interpolation at 

well IDs 21 and 20 for all the 3 interpolation methods. At some other sampling locations 

which are close to locations of the removed IDs, such as well IDs 15, 22, and 19, the 

interpolation results are improved to some extent. At the wells which are far away from the 

removed wells, the interpolations are not affected by the data manipulation. 
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Figure 6.7  Interpolation error of TCE concentration with OK  

before and after removal of the irregular samples  

 

 

 

Figure 6.8  Interpolation error of TCE concentration with MIDW  

before and after removal of the irregular samples  
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to 0.1104 for IDW, and from 0.116 to 0.1058 for OK, while there is little change for MIDW, 

from 0.1 to 0.009.  The above phenomena are observed in the REE plots as well in Figures 6.9 

and 6.10.  

 

Of the 30 monitoring wells, largest difference between measured and estimated 

contaminant concentration interpolation error occurs in the well ID 20, which is located at or 

close to the source of contamination. This is not noticeable on Figures 6.5, 6.9 and 6.10 due to 

the approach the relative estimation error (REE) is calculated and extremely low measured 

contaminant concentration in some monitoring wells. Insufficient monitoring wells in the 

neighborhood of the source of contamination and fast drop of TCE concentration to the north 

of contaminant source may be the major causes of large interpolation error. The TCE 

concentration contour in Figure 6.2 and the data interpolation results in Figures 6.3,  6.4, 6.5, 

6.6, 6.7, and 6.8 indicate that, except wells IDs 12 and 16, the data in the rest 28 wells can be 

taken as normal. This study performs spatial optimization for the LTM network with 28 

monitoring wells at the Fort Lewis Logistics Center site.    

 

 

 

Figure 6.9  The REE of TCE concentration interpolation with IDW 
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Figure 6.10  The REE of TCE concentration interpolation with OK 

 

 

6.3 LTM Optimization with VACO 

 

From the data analysis discussed in section 6.2, at the southeast corner of Fort Lewis 

Logistics Center site, where the contaminant source was detected, the number of monitoring 

wells is not sufficient. The necessity of adding new monitoring wells could be evaluated and 

specific locations could be chosen in the future work. The goal of this study is developing a 

variant of ACO method and demonstrating how to identify spatially redundant wells for 

removal in LTM network. The values assigned to the parameters are listed in Table 6.1. 

 

                              

Table 6.1 The values assigned to the parameters of VACO for the on-site  

LTM optimization 
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6.3.1. Identifying Redundant Wells with VACO-IDW 

Ant colony optimization (ACO) consists of a colony of ants traversing the domain to be 

optimized for a number of iterations as described in Chapter 4, Section 4.4.  The performance 

of ACO is related to the number of ants in the colony and the number of iterations the colony 

searches through the domain. To find the ideal value for the number of ants to assign to a 

colony, colonies with different number of ants are employed for the variant ACO to identify 3 

redundant wells in the 28-well monitoring network, and the results are presented in Figure 

6.11. 

 

.  

 

Figure 6.11. The effect of number of ants and iterations on VACO 

 

 

Figure 6.11 shows that it takes a 10 ants colony at least 20 iterations to identify 3 redundant 

wells from the 28 wells LTM network with least data loss. It takes a 20 ants colony at least 10 

iterations to achieve the same result as that of a 10 ants colony with 20 iterations. Figure 6.6 

indicates that the performance of the VACO with colonies of 20 ants and 30 ants is about the 

same. This is only coincidence for this particular LTM network.  The 30-ant colony traverses 

the search domain for at least 10 iterations can identify 3 redundant wells with least data loss. 

It is also indicated in Figure 6.11 that the performance of ACO can be improved by increasing 
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the number of ants in the colony when the number of iterations is fixed, or increasing the 

number of iterations when the number of ants does not change (citation?).  Theoretically, no 

matter how many ants are employed in the program, the number of iterations should be more 

than one, because the updating of pheromone density in search domain starts at the end of first 

iteration. Before reaching the ideal condition, the more ants are employed in the colony, and 

the more iterations the ants traverse the search domain, the better results can be achieved. 

Once ACO converges, increasing the number of iterations does not affect the optimization 

results. So an economical and realistic numbers of ants and iterations are preferred.  

Researchers usually assign the about same number of ants as the number of wells in the LTM 

network to be optimized for ACO (Li and Chan Hilton, 2006) to make sure that each well gets 

chance to be visited by one ant at the beginning of route construction.  In this study, 30 ants 

are assigned to the colony for the VACO method and the number of iterations the 30-well 

colony should traverse the LTM network to reach convergence is suggested to be 10, as 

indicated in Figure 6.11.  

 

The results of identifying 4, 5, 6, and 7 redundant wells from the Fort Lewis Logistics 

Center LTM network individually with VACO-IDW are illustrated in Figure 6.12. The 

number of convergence iterations for the colony of 30 ants to traverse over the site to look for 

redundant wells is 10 for all for cases, and the least root mean relative error (RMRE) 

increases as more wells are removed as redundant wells. This is because after the redundant 

wells are removed, there are fewer remaining wells available to interpolate the values at the 

locations of removed wells. It is indicated that if the 30 ants colony traverses the search 

domain for fewer than 10 iterations, as the iterations increase, the RMRE decreases, and the 

optimization process continues until the number of iteration reaches 10, the ideal group of 

redundant wells is identified with least data loss, or smallest RMRE. When ants traverse for 

over 10 iterations, such as 20, 30, 40 or even 50 iterations, data loss cannot be reduced and 

same group of redundant wells is identified.   
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Figure 6.12. The convergence iterations for different cost-saving levels 

 with VACO-IDW. 

 

 

 

Figure 6.13. RMRE resulting from removing given number of  

redundant wells identified by VACO-IDW. 
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Figure 6.14. Time required by VACO-IDW to identify 

 given number of redundant wells 

 

 

Table 6.2. The redundant wells identified in the site LTM by VACO-IDW 

No. of redundant 

wells 

Redundant Wells Identified by VACO-

IDW RMRE 

3 3,15,2 0.27 

4 2,15,3,21 0.34 

5 2,3,15,25,21 0.43 

6 2,15,3,21,13,25 0.49 

7 21,13,3,2,15,25,10 0.56 

 

 

Table 6.2 lists the redundant wells identified by VACO-IDW for various sampling well 

reduction (or cost savings) requirements. In this field site optimization, all the identified 

redundant wells for each cost saving level is composed of all the redundant wells chosen by 

VACO-IDW for the required cost saving of one well less, plus one additional well.  It seems 

that solutions which are achieved by picking the individuals with lowest interpolation errors 

can satisfy the global optimal requirement. For example, the optimal solution for 6 redundant 

wells case consists of the entire set of wells from the optimal solution for the case of 5 

redundant wells, plus one additional well.  This is not consistent with the conclusion in the 

synthetic example as shown in Figure 5.?. This might be coincidental.                             
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6.3.2. Identifying Redundant Wells With VACO-OK 

 

In this VACO optimization method, ordinary kriging (OK) is employed as the data 

interpolation method. An exponential model is fit for the LTM data collected in September 

2000 from Fort Lewis Logistics Center remediated site with parameters a = 1000, and c=1.0. 

A colony of 30 ants traverses the LTM site for various iterations, depending upon the required 

cost saving level, to construct an ideal solution which minimizes the cost for the LTM 

maintenance and operation. After each ant identifies a required number of redundant wells, 

the contaminant concentration at those redundant monitoring wells is estimated with OK, 

using the data collected from the remaining monitoring wells, and then the RMRE is 

calculated for this searching result. Once all the ants in the colony finish solution construction, 

the program evaluates the RMRE of all the solutions, chose the best one for iteration _ best, 

and then update the best _ so _ far solution with the iteration best solution. At the end of each 

iteration, update the pheromone density along the edges between each pair of nodes within the 

domain.  Repeat the above process until the program converges, and ideal solution is 

constructed. 

 

 

 

Figure 6.15. The convergence iterations for different cost – saving levels  

with VACO-OK. 
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Figure 6.15 shows the least data loss resulting from removing required numbers of 

redundant wells identified by VACO-OK.  It takes the colony of 30 ants at least 10 iterations 

to identify 3, 4, 5, or 6 redundant wells with least data loss. If the ant colony only traverses the 

search domain for once, the solution they provide can cause large data loss if removing the 

wells they identify. This is because the optimization of LTM network starts after the first 

iteration is complete. In the first iteration, the pheromone density is same on all the edges 

between pairs of nods.  Ants have no guidance to pick the next node, and they construction 

solutions randomly at this stage. No matter how many ants are assigned into the colony, they 

cannot guarantee the solution with least average data loss with one iteration. The performance 

of VACO-OK with a colony of 30 ants and 10 iterations cannot be equivalent to that of a 

colony of 300 ants and one iteration. As the number of iteration grows, the pheromone along 

the good edges goes up, and along the bad edges goes down. Good edges attract more ants 

which deposit more pheromone. The more ants are employed for the more iterations, the 

better solution VACO can get. However, there is a limit. Once the limit is reached, or the 

program converges, increasing number of ants or number of iterations cannot improve the 

performance of VACO. Plus, using too many ants to traverse the search domain many 

iterations will takes extremely long computation time. So it is necessary to find a proper 

number of ants and ideal number of iterations for the VACO optimization. In this study, for 

the given LTM network, with OK as data interpolation method and 30 ants colony, Figure 

6.14 shows that the VACO-OK program converges at 10 iterations when required numbers of 

redundant wells are 3, 4, 5, or 6. To identify 7 redundant wells, it takes 30 ants at least 40 

iterations to achieve the solution with least data loss.  To be on safe side, it is suggested that a 

colony of 30 ants traverse the search domain for 30 iterations are necessary for the VACO-

OK to construct ideal solutions  when 3, 4, 5 or 6 redundant wells are to be identified, and a 

colony of 30 ants traverse the search domain for 40 iterations are appropriate for the VACO-

OK to construct ideal solution when 7 redundant wells are to be identified. 
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Figure 6.16. The number of wells to be removed and data loss  

incurred through VACO-OK. 

 

 

Figure 6.15.  shows with VACO-OK as optimization method, the relationship between 

the number of wells to be removed and the least data loss incurred. It is indicated that 

removing more wells from the LTM site causes more data loss.  This loss grows faster when 

the number of wells to be removed increases from 5 to 6. There is always trade-off between 

the cost saving (via eliminating wells for sampling from the LTM network) and the data loss. 

Looking for the ideal redundant wells combination with acceptable data loss is the goal of this 

optimization.        

 

 The time required by VACO-OK to identify required number of redundant wells is 

present in Figure 6.16, which indicates that, at certain conditions, identifying more redundant 

wells does not necessary requires the ant colony to traverse the LTM site more iterations to 

achieve ideal solutions. For example, to identify 4 redundant wells from the LTM network 

which was maintained and operated in September 2000 from the Fort Lewis Logistics Center, 

Washington, for ideal solution, a colony of 30 ants is required to traverse the site for at least 

10 iterations with the VACO-OK method, and this colony of 30 ants can get ideal solution of 

identify 5 or 6 redundant wells with 10 iterations also. Figure 6.16 shows, the minimal time it 
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takes the ant colony to identify ideal solution of 5 redundant wells is slightly more than that of 

identifying 4 redundant wells. 

 

 

 

Figure 6.17. Time (seconds) required by VACO-OK to identify 

 given number of redundant wells 

 

 

Table 6.3 lists the redundant wells identified by VACO-OK for various sampling well 

reduction (or cost savings) requirements.  

 

Table 6.3. The redundant wells identified in the site LTM by VACO-OK 

No. of Redu 

Wells 

RMRE-

OK 

Time 

(seconds) Redundant wells 

3 0.22 2.5 3,21,25 

4 0.234 3 15,3,21,25 

5 0.278 3.69 19,21,15,2,25 

6 0.43 4.6 19,21,15,2,25,3 

7 0.49 19.97 11,15,2,19,21,10,25 
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To use VACO-MIDW for LTM optimization, sufficient recent data is necessary from the 

wells to get the distribution pattern of attribute being considered over the size . In this study, 

the data interpolation method MIDW uses  the previous pattern of concentration change over 

distance between the location where variable to be estimated and its neighbors.    

 

 

 

Figure 6.18. The data loss resulting from removing redundant wells  

with VACO-MIDW at convergence. 

 

 

Figure 6.17 shows the average data loss resulting from removing redundant wells 

identified by VACO-MIDW with a colony of 30 ants in the 28 wells LTM site at the Fort 

Lewis Logistics Center in September 2000. For each cost saving level (number of wells 

required to be removed), the program is run 10 times for different iterations individually.  It is 

revealed in Figure 6.17 that the data loss is highest if the redundant wells are identified by ant 

colony with one iteration of VACO-MIDW. This is because in the first iteration all the ants 

pick the first wells for their route construction randomly, and identify the following redundant 

wells using the same initial pheromone all over the sit. It is possible for ants to construct the 

best route in the first iteration. However, VACO-MIDW cannot guarantee the best solution 

with one iteration for every run.  As the number of iterations increases, pheromone is updated 

once after each iteration, based on the ranks of routes ant colony identify in corresponding 

iterations. Consequently, the pheromone density along good edges is larger than that along 
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bad edges.  As a result, ant colony has better chance to identify good redundant wells group 

using updated pheromone density. The route construction is improved gradually as the 

number of iteration increases until the convergence iteration is reached. At convergence, the 

ideal redundant wells group is identified, data loss reaches minimum and stays same no matter 

how many more iterations the ant colony traverse the LTM network . It is shown in Figure 

6.17 the program converges when the colony of 30 ants make trips over the domain for at 

least 10 iterations and ideal solutions are obtained with least RMRE for the cases of the 

required numbers of redundant wells to be 3, 4, 5.  To identify 6 or 7 redundant wells from the 

LTM network using VACO-MIDW, it takes the colony of 30 ants to traverse the search 

domain for 20 iterations  to converge .  

 

Figure 6.18 shows the least data loss at required cost saving levels (removing the given 

number of redundant wells) with optimization method of VACO-MIDW. It is indicated that 

the least data loss goes up as the number of redundant wells to be removed increases for 

VACO-MIDW, similar to the cases with VACO-IDW or VACO-OK as optimization method. 

Figure 6.19 shows time  required by VACO-MIDW to identify given number of redundant 

wells 

 

Table 6.4 lists the redundant wells identified by VACO-MIDW for various sampling 

well reduction (or cost savings) requirements.  

 

Table 6.4. The redundant wells identified in the site LTM by VACO-MIDW 

No. of 

Redundant Wells 

RMRE-

MIDW Time (seconds) Redundant wells 

3 0.15 0.6 1,3,15 

4 0.18 0.72 1,3,15,24 

5 0.24 0.87 1,3,15.28,24 

6 0.29 1.98 1,2,3,15,24,28 

7 0.33 2.32 1,2,3,15,21,24,28 
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Figure 6.19. Time  required by VACO-MIDW to identify 

 given number of redundant wells 

 

 
6.4 Result Analysis and Summary  

 

Three different data interpolation methods(IDW, OK and MIDW) are incorporated into 

the optimization algorithm VACO individually to search for the optimal solutions for the 

LTM network at the Fort Lewis Logistics Center to achieve required cost saving levels (via 

identifying redundant monitoring locations for removal from the sampling network) with 

minimal data loss.  A colony of 30 ants is employed by the VACO algorithm, and the  

iterations the ants have to traverse the search domain for the program to converge with three 

different data interpolation methods are present in Figure 6.20.  It is indicated that to identify 

3, 4, or 5 redundant wells in the LTM network, the colony of 30 ants have to search through 

the domain at least 10 iterations, so that the required cost saving goal can be achieved with 

least data loss. To identify 6 or 7 redundant wells, the VACO-IDW method requires the 

colony of 30 ants to search through the domain for 10 iterations, while the VACO-MIDW 

requires 20 iterations and VACO-OK needs the colony to search for 10 iterations to identify 6 

redundant wells, and 30 iterations to identify 7 redundant wells to reach the optimal solution 

of meeting the given cost saving levels with minimum data loss.   
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Figure 6.20. Convergence iterations for VACO methods  

 to identify given numbers of redundant wells 

The calculations of the three data interpolation methods used in this study are different, 

therefore, the overall time consumed by VACO, with IDW, OK and MIDW individually, is 

different. Figure 6.21 shows that VACO-IDW is the most time efficient for all the designed 

cost saving levels, VACO-MIDW is the next, and VACO-OK is the slowest. This difference 

in time efficiency becomes significant when the ant colony is required to remove 7 wells from 

the LTM site with minimal data loss, with VACO-OK using significantly more time 

compared to VACO-IDW and VACO-MIDW for the 28-wells  LTM network  

 

 Figure 6.22 illustrates that the data loss is different when using three interpolation 

methods coupled with VACO optimization to identify redundant wells. Removing redundant 

wells identified by VACO- IDW incur the more data loss than using VACO-OK or VACO-

MIDW.  VACO-MIDW identifies the solutions which achieve the required cost saving levels 

with least data loss.  It is indicated in Figures 6.20, 6.21 and 6.22 that VACO-IDW is the most 

time efficient method of all the three combinations of VACO and 3 separate data interpolation 

methods, in conducting the solutions for all the required cost saving levels. In the view of data 

loss, however, the performance of VACO-IDW is the worst. VACO-OK identifies the 

solutions with medium data loss while most time consuming. VACO - MIDW is the medium  

0

5

10

15

20

25

30

35

1 2 3 4 5 6 7

VACO-MIDW

VACO-OK

VACO-IDW
C

o
n

v
er

g
en

ce
 I

te
r
a

ti
o

n
s 

Redundant wells 



                  
 

97 
 
 

 

Figure 6.21. The time required for VACO methods to converge 

 when identifying given numbers of redundant wells 

 

in time efficiency, and it identifies the least data loss solutions for all the designed cost saving 

levels. It needs to point out that VACO-MIDW can only be used in the cases most recent data 

collections are available for all the monitoring wells, since data interpolation with MIDW 

requires the calculation of previous data gradients over distance between neighboring wells. 

So in the LTM optimization practice, one has to choose proper data interpolation method for 

the ACO which is developed in this study, based on the acceptable data loss, affordable 

computational time, and recent data sufficiency available from all the wells on the LTM to be 

optimized.      
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Figure 6.22 The  data loss caused by removing given number of  

redundant wells identified by different VACO methods 

 

 

The redundant wells identified by VACO with data interpolation methods IDW, OK and 

MIDW separately at least data loss are listed in Table 6.5. All the numbers under optimization 

methods are the IDs of the redundant wells, and do not have physical meaning. For example, 

the physical distance between the well with ID ―1‖ and the well with ID ―2‖ is not necessarily 

shorter than the distance between the well of ID ―1‖ and the well of ID ―20‖. There is no 

relationship in the properties of wells with contiguous IDs either. VACO incorporating 

different data interpolation methods achieve different solutions for redundant wells groups, 

and incurs different least data loss, as shown in Table 6.5 and Figure 6. 22. 

 

 

Table 6.5. The redundant wells identified in site LTM based on RMRE 

Redundant 

wells  VACO-IDW VACO-OK VACO-MIDW 

3 3,15,2 3,21,25 1,3,15 

4 2,15,3,21 3,21,15,25 1,3,15,24 

5 2,3,15,25,21 15,19,21,2,25 1,3,15,24,28 

6 2,15,3,21,13,25 21,3,15,19,25,2 1,2,3,15,24,28 

7 21,13,3,2,15,25,10 11,15,2,19,21,10,25 1,2,3,15,21,24,28 
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Whether the wells in the solutions identified by the above mentioned three optimization 

methods from the LTM network at the Fort Lewis Logistics Center are redundant depends on 

whether the data loss resulting from removing the wells is acceptable by the LTM 

management agency, the and locations of those wells inside the contaminant plume. It is not 

encouraged to remove wells at the boundary of the plume, the wells located at or close to the 

contaminant source,  or the wells without sufficient neighbor wells.  

 

Observation of the physical locations of the wells which are identified as redundant by 

VACO methods in Figure 6.2 and Table 6.5 reveals that some of the wells are located at the 

boundaries of adjacent zones inside the plume, such as wells with IDs 3 and 19, and some 

wells are close the contamination source, such as well of ID 21 (refer to Figure 6.2).  

 

Close investigation of the data collected from the monitoring wells shows that the 

contaminant concentration from the wells at the northwest corner of the site which are far 

away from the source of contamination is much lower than that from the wells near 

contaminant source at the southeast. The TCE concentration in some wells close to 

contamination source is over 1000 times higher than that in the wells located in north-west 

corner.   The data loss due to LTM optimization is defined in two approaches in Section 3.5: 

root mean square error (RMSE) and root mean relative error (RMRE). So far in this study 

RMRE is used to calculate data loss resulting from removing redundant wells. The relative 

error is defined as the difference between real contaminant concentration and estimated 

concentration, divided by the minimal of those two numbers.   The way the relative error is 

calculated extremely exaggerates the interpolation error at wells with very low contaminant 

concentration, and underestimates the interpolation error at wells with high contaminant 

concentration, such as well IDs 21, 19 and 15, which have few near neighbor monitoring 

wells, are not good candidates of redundant wells.  

 

To correct the problem caused by the improper definition of data loss, root mean square 

error (RMSE) is adopted as the data loss to replace the root mean relative error (RMRE), and 

the variant ant colony optimization (VACO) program is run again for the LTM at Fort Lewis 

Logistics Center again, with IDW, OK and MIDW as data interpolation methods separately.  
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Figure 6.23. The data loss (RMSE) resulting from  removing redundant wells 

Identified by different VACO methods 

 

 

Figure 6.23 shows the data loss (RMSE) resulting from removing the designed number 

of redundant wells in the LTM in Fort Lewis Logistics Center in this study. It is shown that at 

the same cost saving level, the data loss (RMSE) due to removing redundant wells identified 

by VACO-MIDW is the least, VACO- OK with the second least, and the RMSE resulting 

from removing the wells identified by VACO-IDW is relatively high.  The monitoring wells 

which are identified in this LTM site by the above stated optimization methods are present in 

Table 6.4. 

 

 

    Table 6.6. The redundant wells identified as redundant in site LTM based on RMSE 

Redundant 

wells 
 VACO-IDW VACO-OK VACO-MIDW 

3 3,13,2 25,3,27 14,24,29 

4 2,13,3,27 25,3,27,28 14,24,26,29 

5 2,3,13,25,27 13,2,3,27,6 14,26,28,24,29 

6 2,3,13,25,27,28 2,3,27,28,13,6 29,14,24,28,7,26 

7 2,3,13,15,25,27,28 2,3,6,13,25,27,28 26,24,14,29,28,7,5 
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After the VACO is renovated by changing the definition of data loss from root mean 

relative error (RMRE) to root mean square error (RMSE), remarkable change in the redundant 

well solutions can be observed in two aspects:  

 

1. Fewer wells with high contaminant concentration are identified as redundant wells. Only 

when high cost saving level is required, in other words, only when high percentage wells 

are required to be removed from the LTM site, one or two wells with medium high 

contaminant concentration are taken as redundant wells by the new VACO methods. For 

example, when 7 out of 28 (25%) of the wells in the LTM network are required to be 

removed, well ID 15, which contains medium concentration contaminant, is picked as 

redundant by VACO-IDW. When the data loss is defined with RMRE for VACO, wells 

with medium to high concentration contaminant, such as wells with IDs 21, 15, 19, and 11, 

are identified as redundant wells.  

 

2. With RMSE being defined as data loss, VACO-MIDW choose to remove wells mainly 

from the northwest corner of the site, where is far away from the source of contamination 

and wells contain low concentration of contaminant. The wells density is relatively high in 

the northwest corner also. The drawback of the VACO-MIDW is, it removes all the plume 

boundary wells at the low contamination end when high percentage cost saving is required 

for the study site. So solutions by VACO-OK or VACO-IDW might be better option in this 

case.  

 

The change of data loss definition from RMRE to RMSE avoids exaggerating error at 

wells with extremely low contaminant concentration, and in the meantime, it reduces the 

attention to the wells in the area of extremely low or no contamination.  In the standpoint of 

geology and environmental engineering, the second version of the optimization model using 

RMSE to define data loss is preferred, because wells containing high contaminant 

concentration deserve more attention than those with much lower contamination, especially 

when the contaminant concentration in those wells cannot be well interpolated with neighbor 

wells. Compromised definition of data loss can be adopted for the consideration of some wells 

with low contaminant concentration. 
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CHAPTER 7 

 

CONCLUDING REMARKS 

 

 
7.1 Conclusions 

 

Groundwater is the water stored in underground spaces like natural cracks, caves, 

channels, or spaces between soil particles. Groundwater is primary source of our drinking water, 

and also provides water for agricultural irrigation and some industry practices. In the rural area 

of Florida, 96% drinking water comes from groundwater. Unfortunately, groundwater aquifers, 

especially shallow, permeable water table aquifers, are susceptible to pollution in many ways 

and from many sources, both natural and human-induced, such as naturally occurring chemicals, 

leached from soil or rocks by percolating water, dissolved in groundwater; gasoline leaking 

from underground storage tanks and migrating into groundwater. Therefore monitoring changes 

in groundwater with monitoring wells is an indispensable practice for groundwater 

management agencies, in the phases before contamination is reported, during contamination 

remediation and after remediation is completed. 

 

Groundwater long term monitoring (LTM) deals particularly with groundwater monitoring 

in the phase when the active remediation process is already terminated, with the purpose of 

monitoring the changing of residual contaminants in groundwater and protecting human health. 

The duration of long term monitoring activities is usually 30 years. 

 

The LTM network is the set of monitoring wells that generally evolves from the 

groundwater monitoring network managed for contaminant remediation.  To obtain sufficient 

data for remediation purposes, numerous monitoring wells are installed and sampled with high 

frequency.  In the LTM phase, the extent of contamination diminishes, monitored parameters 

become more predictable and stable, it may be feasible to reduce the monitoring frequency, 

locations, and analytical requirements while meeting monitoring goals and data sufficiency for 

regulatory compliance. In the meantime, at large remediation sites, the cost of maintaining and 

operating a LTM network over large number of sampling locations with numerous 

contaminants for frequent monitoring for decades can be a significant, persistent and growing 
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burden for related environmental management agencies. Removing redundant sampling at 

existing wells and/or reducing sampling frequency while meeting monitoring goals and data 

sufficiency are suggested to be a feasible solution to reduce the cost of LTM network 

management. In rare cases, when environmental condition changes at certain locations, new 

wells may be added into existing monitoring network to improve data accuracy. Thus, LTM 

network optimization can be achieved by spatial and/or temporal optimization of the 

monitoring plan.  Reducing spatial and/or temporal redundancy is the primary practice for LTM 

network optimization. 

 

The optimization goal of reducing LTM spatial redundancy may be approached via two 

scenarios. In the first case, the goal is to minimize the cost of LTM, e.g, to minimize the number 

of monitoring locations, while subject to a constraint on overall data loss. In the second case, a 

given number of monitoring wells are to be removed from the LTM network, effort is required to 

identify the given number of redundant wells so that removing them will cause minimal data 

loss. The second scenario is the focus of this study. 

 

Ant colony optimization (ACO) methods are a group of the most successful optimization 

methods of swarm intelligence. The initial version of ACO is the ant system, which was 

introduced by Dirogo in the early 1990’s to resolve traveling salesperson problem (TSP) 

(citation). ACO was inspired by the foraging behavior of real ant colonies. When searching for 

food, ants initially explore the area surrounding their nest in a random manner. While moving, 

ants deposit chemical pheromone on the ground which attracts other ants to the path. At the same 

time, pheromone evaporates into air over time. Shorter paths (i.e., higher quality solutions) get 

more pheromone deposited. The later ants tend to pick paths with stronger pheromone 

concentrations, and also deposit pheromone on those paths. As a result, more ants are attracted to 

shorter paths, and more pheromone is deposited, which in turn, attracts more ants.  The shortest 

path which is picked by all the ants at end represents the global optimal solution.  

 

The primary contributions in this study include developing a variant of Ant Colony 

Optimization (VACO) method is for reducing spatial redundancy in LTM network, with IDW, 
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ordinary kriging (OK), and modified inverse distance weighing (MIDW) as data interpolation 

methods. MIDW is a development in this study 

The VACO developed in this study is a variant of traditional ACO. VACO consists of a 

Do-While loop which converges once data loss resulting from removing redundant wells from 

the LTM reaches minimal value and stays stable.  The wells in the LTM network are simulated 

as nodes, and the imaginary lines connecting pair of nodes are simulated as edges. The factor 

which controls the movement of ants in the search domain is defined as a two-dimensional 

matrix for pheromone (Tau), with each edge being related to one pheromone value.  Tau (a, b), 

for example, means the pheromone value along the edge between nod a and nod b.  In each 

iteration, there are two scheduled functions, with AntBasedSolutionConstruction() as the first 

one, and the second one is pheromoneUpdate(). Artificial ant constructs routes by randomly 

picking the first node in the searching field, and extends the route by moving from current node 

to one of the unvisited nodes according to the probabilities of those unvisited nodes to be chosen, 

with the function AntBasedSolutionConstruction(). The path extension continues until the 

required number of redundant wells is reached. The ideal route of current iteration is selected by 

evaluating the data loss resulting from removing the identified redundant wells. The ant which 

constructs the ideal route is taken as elite ant, and the rest ants are ordinary ants. All the edges 

are classified into 3 ranks: the edges which are not traversed by ants; the edges which are 

traversed by ordinary ants; and the edges traversed by the elite ant. The pheromone value along 

all the edges in the search domain is updated in function pheromoneUpdate(), with the different 

equations according to which rank those edges are classified. The best_so_far route solution is 

also updated at the end of each iteration. If the program converges at this iteration, it gets out of 

Do-While loop. Otherwise, the program moves to next generation, the above stated process is 

repeated with updated pheromone density and best_so_far_route . The process goes on until the 

solution converges, and ideal route of this optimization is identified.  

 

 The performance of the VACO is evaluated by investigation of its solution to a simplified 

TSP and comparison of its optimization results using two separate enumeration methods (IDW 

and OK) for the optimization of the synthetic LTM network generated in this study.  The test 

results show the VACO finds the ideal solutions for TSP, and it identifies the same redundant 

wells as enumeration optimization method for the synthetic LTM network when using the same 
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data interpolation method. VACO, however, is significantly more time-efficient than 

enumeration method, which systematically tests every possible solution combination. Removing 

redundant wells from the synthetic LTM identified by VACO-OK results in smaller data loss 

than removing the redundant wells identified with VACO-IDW.    

 

The VACO is then adopted to the optimization of a site LTM network in Logistics Center 

Army facility in Pierce County, Washington, with [number] existing wells in the LTM network.  

The optimization model that combines VACO with the classic geostatistical methods of IDW and 

OK for data interpolation as well as the modified IDW (MIDW), which is a variant IDW 

developed in this study. The prerequisites of MIDW include that 1) the remediation site is in a 

stable LTM phase; and 2) the attribute value to be interpreted at location    was collected in the 

previous sampling cycle.  The data interpolation of MIDW considers both the distance-decay 

relationship of the attribute (contaminant concentration) through the site and pattern of 

concentration distribution on site due to subsurface heterogeneities. The optimization results of 

the field site LTM case with VACO-IDW, VACO-OK and VACO-MIDW reveals that all three 

methods identify feasible redundant wells. VACO-IDW is computationally the fastest, while the 

VACO-OK is most time consuming. Removing redundant wells identified by VACO-MIDW 

results in least data loss, and VACO-OK comes second. The data loss due to removing redundant 

wells chosen by VACO-IDW is highest in the three methods.    

 

7.2 Future Work 

 

While the VACO successfully conducts the optimization of LTM networks, there are some 

improvements to be made. For example, when more than one route are evaluated to be the best 

routes identified within an iteration, the VACO takes only the best route which is evaluated first 

as the best route of the iteration, and labels the ant that identifies the best route of the iteration as 

the elite ant. The edges visited by the best ant are updated differently from other edges. A more 

reasonable approach is to mark all the ideal routes as best routes of the iteration, and name all the 

ants who pick the best routes as elite ants. And then update pheromone along the edges visited by 

all the elite ants different from ordinary edges. This helps to keep all the good solutions.   
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Another improvement which deserves consideration is to classify the ants into more than 2 

ranks, instead of only elite ant and ordinary ants, based on the quality of the routes identified. 

And then update the pheromone along edges visited by ants in different ranks with different 

equations or pheromone updating factors. In this way, edges on better routes receive more 

attention than lower level routes, having better chance to be considered in the subsequent 

iterations.  

 

Third, this study only applies VACO to the case in which the cost saving is constraint, and 

the optimization goal is to minimize data loss by identifying ideal redundant well groups.   Is the 

VACO feasible for the case when the data loss is a constraint, minimizing cost by removing 

maximum number of redundant wells from existing LTM network is the goal of optimization?  

Research is suggested for this direction. 

 

Generally speaking, the LTM network optimization includes spatial optimization and 

temporal optimization. Spatial optimization can be maximizing cost-saving while meeting the 

required data accuracy or improving data accuracy while minimizing the cost increase by adding 

a minimal number of wells when existing LTM wells are not sufficient to reflect recent change in 

local groundwater.  Temporal optimization is to minimize sampling frequency while meeting 

data accuracy constraint or to improve data accuracy by minimally increasing sampling 

frequency at some LTM wells.  Future studies are necessary to achieve the goals of LTM 

optimization for above scenarios.   
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