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Abstract: The redesign of environmental monitoring 

networks is a field rich of practical applications, in particular 
in light of recent EU environmental directives. When 
dealing with an existing monitoring network reduction, the 
easiest approach is to search for redundancies among the 
monitoring locations (clusters of locations) and to remove 
the most useless of them on the basis of the values of some 
quantitative parameter. This approach could lose some 
important features of the existing network, thus reducing its 
informative content. To avoid such a risk, the results of the 
network optimization should undergo a retrospective 
analysis capable to verify, by assessing some independent 
statistical indices, the acceptability of the reduced 
configuration with respect to specific managerial issues. The 
case study presented in this work focuses on the optimal 
downsizing of a groundwater monitoring network located in 
the Southern part of Italy. The MSANOS optimization 
software has been used to select the locations to remove 
from the existing network, with the goal to sustainably 
balance maintenance costs and information loss. The 
investigated case is of particular interest for both the critical 
issues of the considered resource and the recognized 
importance of the groundwater monitoring in the European 
Water Framework Directive. 

Keywords: groundwater monitoring, monitoring 
network optimization, spatial simulated annealing, kriging 
variance estimation. 

1. INTRODUCTION 

The growing awareness of public opinion about issues 
related to environmental protection pushed the EU to rule 
about such important topic. In this framework, 
environmental monitoring assumes the fundamental role of a 
tool for assessing status and trends of natural resources and 
for defining and overseeing actions to recover impacted 
systems. Consequently, monitoring must be considered a 
strategic decision-making support tool and monitoring 
networks (MNs) should be designed as dynamic 
infrastructures, making them capable to adapt to any 
environmental change, for example by varying the size and 
the shape of the network. 

 
In the last decades, the scientific and technical literature 

has proposed an extensive array of different methods for the 

optimal monitoring network redesign (OMNR) [1], using 
approaches characterized by different levels of complexity 
and detail. An effective monitoring network redesign should 
be based on a deep analysis of the characteristics of area, of 
the parameters to be monitored and of the available 
information (data-driven), with a clear idea of the 
monitoring objectives. 

Given this basic knowledge, an OMNR problem consists 
of adding, removing or moving one or more monitoring sites 
within the area of interest. The problem can be solved by 
minimizing a suitable objective function (OF) which 
explores the network configuration space until specific 
conditions are met. The choice of the OF depends on the 
objectives and on the available information. Iterative 
optimization methods range from fully deterministic 
methods, for example jackknife or greedy deletion [2, 3], to 
stochastic methods, such as spatial simulating annealing [4]. 
Several software packages have been developed to solve this 
problem, using a wide array of different objective functions 
and optimization methods. 

In this paper, the optimal downsizing of a long-term 
monitoring network is discussed. Each monitoring site bears 
a different piece of information and its removal could 
produce effects not always directly evaluable by the OF. 
Therefore, the impact of the removal of a site from the 
actual network on the capabilities of the MN should be 
investigated at different scales. We propose to address this 
issue with a retrospective analysis aimed to evaluate the 
capability of the residual network to recover the information 
lost at pointwise level and to estimate the population 
parameters at a regional scale. Some estimation error 
statistics are proposed in order to carry out this analysis. 

The proposed method is applied to a case study 
concerning the downsizing of the groundwater level MN 
located in the shallow porous aquifer of the Tavoliere di 
Puglia, in southern Italy. Five monitoring stations have been 
chosen for removal from the original monitoring network 
composed of 61 piezometers. The downsizing of the MN 
has been carried out using the stochastic spatial simulating 
annealing (SSA) method, implemented into our MSANOS 
software package [5-8]. 

2. MATERIALS AND METHODS 

A MN downsizing problem can be carried out by means 
of different combinations of methods and objective 
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functions. The MSANOS software package used in this 
paper allows to set up a problem with regard to the specific 
available information and monitoring objectives. For the 
case under investigation, the ordinary average kriging 
variance (AKV) has been selected as the OF and the 
optimization problem has been solved by means of spatial 
simulated annealing (SSA).  

The next subsections summarize the main characteristics 
of AKV and SSA. 

2.1 Objective function 

The AKV allows to assign a score to any network 
configuration in terms of average of the kriging variance 
estimated at any node of a discretization grid. 

The well-known ordinary kriging variance formulation 
in a generic un-sampled location 𝑥" is: 

 

 𝜎$% 𝑥" = 𝜆( 𝑥"
)

(*+
𝛾 𝑥(, 𝑥" − 𝜇(𝑥") (1) 

 
where 𝛾 𝑥(, 𝑥" 	 is the variogram value for the 𝑥(, 𝑥"  
location pair, 𝜆( 𝑥" 	 are the kriging estimation weights, 
𝜇 𝑥" 	are the Lagrange multipliers and 𝑁 is the size of the 
MN. Consequently, the objective function can be written as: 

 

 𝜙567 =
1
𝑤

𝜎$% 𝑥"
:

"*+
 (2) 

  
where 𝑤 = 𝑟 ∙ 𝑐  is the number of grid points (rows × 
columns). The AKV is often chosen in spatial optimization 
problems because of its intrinsic capability of taking into 
account at the same time the local and the regional features 
of the variable of interest. 

Obviously, as for any geostatistical based MN 
optimization, the variogram model is assumed to be known. 

2.2 Spatial simulated annealing 

The theory of SSA is inspired by the changes occurring 
in the atomic structure of a metal when it undergoes a 
process of quick heating followed by slow cooling 
(annealing), where the atoms of the metal change their 
arrangement and reach a configuration of lower energy. In 
this analogy, the spatial configuration of the atoms 
corresponds to that of the monitoring points, while the OF 
corresponds to the energy of the system. 

Figure 1 summarizes the SSA algorithm, which basically 
consists of a pre-processing stage followed by two nested 
loops. In the pre-processing stage, the parameters that 
trigger the optimization method are estimated, namely the 
initial configuration	𝑆@ and the initial temperature	𝑇@. 

The outer loop is controlled by the temperature, as in the 
physical analogy, and terminates when 𝑇 approaches zero. 
The inner loop is related to the size of the problem: if 𝑘 is 
defined as the number of locations to be removed, the inner 
loop consists of 𝑘 iterations for a given value of temperature. 
Consequently, the maximum number of iterations of the 
method is 𝑘	𝑁C , where 𝑁C  is the total of different values 

assumed by the temperature during the run. Within the inner 
loop, the candidate solutions are generated and subjected to 
the decision rule. For what is stated above, the total number 
of iterations corresponds to the total number of candidate 
network configurations. An important feature of the SSA is 
that it avoids falling in local optima.  

2.3 Retrospective analysis of optimization results 

Reducing the size of a groundwater MN is a decision-
making process not free from risks. In general, whatever are 
the managerial objectives leading to the choice of reducing a 
MN, this task should remove the k less informative 
monitoring locations with respect to such objectives. At first 
glance, the OF should assure that the final network 
configuration is the best among all the possible candidates. 
Nevertheless, the correspondence between the managerial 
objectives and the OF is not always immediate and the 
actual impact of the sites removal on the residual 
informative capability of the MN should be further 
investigated. A retrospective analysis of the reduced 
configuration should then aim to a twofold purpose: (i) a 
local pointwise check to verify the reduced network 
capability of recovering removed observations (redundancy 
and spatial discontinuity); (ii) a global check to evaluate the 
overall impact of the removal of the locations on the spatial 
estimates at un-sampled locations over the considered area. 

2.3.1 Local pointwise check 

The relation between the original and the reduced 
monitoring network can be written as 

 
 𝑀 = 	𝑀)EF ∪ 𝐷F  
 

where, 𝑀, 𝑀)EF and 𝐷F represent the original MN, the MN 
reduced by MSANOS by removing the 𝑘  less informative 
sites and the set of the 𝑘 removed sites, respectively. 

This step of the retrospective analysis checks the 
capability of the reduced monitoring network to estimate the 
values observed at the removed sites. If successful, the test 
assures that the loss of information due to the MN reduction 
is negligible. The set of monitoring locations defined above 
can be associated to a corresponding set of observed values. 

Figure 1. The SSA algorithm. 
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Consequently, to the set 𝐷F = {𝑥+J, 𝑥%J,⋯ 𝑥FJ}  of removed 
locations, corresponds a set of removed observations, 𝑍J =
{𝑧 𝑥+J , 𝑧 𝑥%J ,⋯ 𝑧 𝑥FJ }. 

The main objective of the pointwise stage is to quantify 
the capability of the reduced network 𝑀)EF and of its set of 
observations 𝑍)EF  to recover the elements of 𝑍J  estimated 
by kriging. The estimation of the removed observations is 
then carried out by means of the following equation, 

 

 𝑧 𝑥(J = 𝜔"
)EF

"*+
𝑥" 	𝑧 𝑥" ,			𝑗 = 1, 2,⋯ , 𝑘  

 
where 𝜔" 𝑥" are the weights assigned to each 𝑧 𝑥" ∈ 𝑍)EF. 
This test can be considered successful if the differences 
between the estimated and the observed values at the 
removed locations are negligible. To quantify the term 
negligible, one should consider the following empirical 
expression, 

 
 𝑧(𝑥(		J ) − 𝑧(𝑥"		J) ≤ 𝛼 ∙ 𝑧(𝑥"		J),					 𝛼 ≤ 0.2  

 
where 𝛼  is a threshold of acceptability of the estimation 
error, usually set at 0.2. If, for each removed location, the 
difference between the estimated and observed values falls 
within the above interval, the monitoring site can be 
definitively considered redundant, and its information 
content can be reliably estimated by means of the observed 
values 	𝑧"	 𝑥" ∈ 𝑍)EF . In other words, if the estimations 
verify the test, it can be stated that the removed monitoring 
sites are redundant, since they can be successfully estimated 
from the remaining sites.  

Another test that can be carried out at this stage of the 
retrospective local analysis, consists in comparing the 
observed and estimated values at the removed sites, on the 
basis of the confidence interval (CI) of the estimated values. 
The width of such CI can be easily derived as a multiple of 
kriging standard deviation [9]. If the observed values fall 
within the corresponding estimation CI at the given level of 
significance, they can be considered successfully estimated. 
This second local test is mainly devoted to check the 
presence of coarse local discontinuities at the removed sites, 
evaluating the coherence of the observed values at the 
removed sites with those at nearby locations. This occurs in 
practice when a small kriging standard deviation is 
associated to a large estimation error. In these cases, the 
optimization procedure should be run again, marking the 
considered site as not removable. 

2.3.2 Global check 

The removal of one or more sites may influence the 
capability of the monitoring network to describe the natural 
state of the environmental system taken as whole. A spatial 
estimation needs to be carried out over an estimation grid 
covering the whole monitoring network system. 

Let 𝐺: = {𝑥+, 𝑥%,⋯ , 𝑥:} be the set of grid nodes, where 
𝑤 = 𝑟 ∙ 𝑐  is the grid size. The parameter measured at the 
MN sites is computed twice at any node of the grid, using 
ordinary kriging. The first estimation is carried out 

considering the whole set of observations 𝑍) , while the 
second estimation uses only the reduced set 𝑍)EF. The two 
sets of estimations, 𝑍X,) = {𝑧 𝑥+

X,) , 𝑧 𝑥%
X,) , ⋯ 𝑧 𝑥:

X,) } 
and 𝑍X,)EF = {𝑧 𝑥+

X,)EF , 𝑧 𝑥%
X,)EF , ⋯ 𝑧 𝑥:

X,)EF , have 
the same size 𝑤. 

Nevertheless, the homologous estimations will be 
different node by node, since the support to the estimations 
has changed. In any case, a reliable reduced MN should be 
capable of producing a set of estimations 𝑍X,)EF such that 
its empirical distribution is statistically equivalent to that of 
𝑍X,).  

Suitable statistical tests allow to infer the equivalence of 
the empirical distributions. Once that the normality and 
homoscedasticity (equal variance) of the distributions has 
been verified, the two-sample two-tailed t-test can be 
performed to compare the corresponding averages and to 
confirm the equivalence of the two distributions. In the other 
cases, the non-parametric Mann-Whitney test can be used to 
compare the averages. 

In the former case, it is possible to confirm that the MN 
downsizing did not significantly affect the information 
capability of the network. In the latter case, even though the 
Mann-Whitney test is positive, the information capability of 
the reduced network results to be compromised, since the 
missing homoscedasticity indicates that it cannot reproduce 
the variability of the observed parameter with respect to the 
original MN. 

3. CASE STUDY 

The proposed case study refers to the downsizing of the 
groundwater level MN of the shallow porous aquifer of the 
Tavoliere di Puglia, located in the northern part of the 
Apulia region, Italy. The study area is a plain of about 
3000 km2, which is the largest alluvial plain in southern 
Italy (Fig. 2).  

Three hydrogeological structures without vertical 
hydraulic connection can be identified here: a) a shallow 
porous aquifer in Quaternary alluvial and marine deposits, 
with depth less than 80-100 m; b) a porous aquifer in sandy 
portions within Pliocene clays, from about 100 m down to 
least 300 m below the surface; c) a deep karst aquifer in 
Cretaceous calcareous substratum, found at a depth of 300-
600 m.  

The shallow aquifer is located on alluvial gravel with 
interbedded sand and sandy-loamy sediments. The thickness 
of clay and silt layers increases in the external sectors of the 
alluvial basin, becoming aquitards that confine the aquifer 
layers. On the contrary, the coarse grained sediments prevail 
in the upstream sector of the aquifer located in the south-
western part of the study area, in front of the Apennine 
range, where there is the main component of the aquifer 
recharge. The presence of silty-clayey sediments reduces the 
direct groundwater recharge, whereas an important recharge 
contribution comes as a base flow from the south-western 
unconfined sector of the aquifer, probably after a very long 
travel time (Fig. 3). 

The Tavoliere di Puglia plain is mostly exploited for 
agricultural uses and the shallow porous aquifer represents 
the main source of water supply. 
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The aquifer size, hydrogeological-stress status, and 
hydro-geochemical characteristics make it an ideal 
experimental field in the framework of several national and 
international research projects [10-12]. Because of the 
intense exploitation of the Tavoliere di Puglia water 
resource, local authorities have been monitoring this water 
body since the 1990s. The MN consists of N = 61 wells, 
relatively well distributed over the area (Figure 2). 

This network cannot be considered optimal since it was 
not specifically designed for monitoring purposes but was 
built by gathering already existing wells spread over the area. 
The main managerial objective is to regulate the access to 
the resource for agricultural uses. Nevertheless, to reduce 
the monitoring costs and to simplify the logistics of network 
maintenance, the local water authority aims to decrease the 
number of monitoring locations while minimizing the 
information loss and the increase of the uncertainty of the 
observed variable. 

This is a typical constrained downsizing optimization 
problem that can be reliably addressed using an OF that is 
strictly related to the estimation uncertainty (AKV). In this 
framework, SSA was chosen because it guarantees the 
highest rate of success in converging towards the global 
optimum with respect to the other optimization methods. 

The whole study area was covered with a 5 km × 5 km 
grid. The size of the grid was chosen to be sufficiently small 
with respect to the extent of the physical phenomenon of 
interest (variogram range). 

Starting from the 61 measured values of groundwater 
level, the experimental variogram was calculated and a 
theoretical model was fitted after a thorough cross-

validation stage. Table I reports the parameters of the 
variogram model. 

The framework used was trans-Gaussian, since the 
variography was performed after a Gaussian anamorphosis 
of the distribution of the water table values In fact, a recent 
theoretical advance in geostatistics has proved the tight 
relationship between the linearity of the kriging interpolator 
and the Gaussian distribution of data [13]. 

In downsizing cases it is often useful, or even necessary, 
to keep some sites in the network. A specific feature of the 
MSANOS package allows to mark sites that should never be 
removed from the network. In this case, two wells located at 
the southern border of the study area were constrained as 
being not removable (Fig. 2). In fact, these two sites are 
located close to the boundary of the study area, where the 
kriging estimation variance is usually higher and in an area 
with a lower density of monitoring sites. 

4. RESULTS AND DISCUSSION 

Figure 2 shows the results of the optimization simulation 
carried out with the MSANOS software package. Cross-
circled sites in the figure are those removed from the 
existing MN. The goal was to remove 𝑘 = 5  wells, 

Table I. Characteristic parameters of the variogram model. 

Model Nugget Scale Length 
Gaussian 0.0350 1.1148 16000 

Figure 2. Study area. 

Figure 3. Tavoliere di Puglia: permeability map. 
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minimizing the information loss in terms of the AKV. The 
original network of 61 wells was characterized by an AKV 
value of 0.2941 m2. 

MSANOS provided the optimal reduced configuration in 
about 40 s after 2505 SSA iterations. The calculated AKV 
was 0.29671 m2. The efficiency loss is related to the 
difference between the original AKV]  and the final 
configuration’s	AKV]E^ . The relative percentage efficiency 
of the reduced network is 

 

 𝐸𝐼 = 1 −
𝐴𝐾𝑉)EF − 𝐴𝐾𝑉)

𝐴𝐾𝑉)
∙ 100 (3) 

 
where N is the size of the original MN and k the number of 
removed sites. The resulting value of EI was 99.14%, 
meaning that, in terms of AKV, the loss of information is 
less than 1%. 

Retrospective analysis gives an insight of the quality of 
the final reduced configuration. Local pointwise checks have 
been performed, followed by a global check of the overall 
impact of sites removal on the grid estimations. 

The first local test concerns the pointwise estimation 
accuracy and consists in verifying if the estimation error is 
lower than the given acceptability threshold 𝛼, set here at 
0.2 (20%). Table II lists the observed and estimated values 
of the variable of interest, together with the absolute and 
relative error for each of the removed sites. The last column 
of the table shows that the kriging estimations at two of the 
removed sites, RW1 and RW2, are affected by a very large 
error, much larger than the acceptability threshold. 
Therefore, this local check suggests to reconsider the 
removal from the network of RW1, and possibly also of 
RW2, since the dismissal of these sites could lead to missing 
local features of the variable of interest. 

As a second local check, ordinary kriging has been used 

to estimate the variable values and the corresponding 
prediction errors at the five removed sites. Afterwards, the 
CI of the estimated values, at the 96% level of significance 
(corresponding to twice the kriging prediction error), has 
been calculated, in order to compare these intervals to the 
observed values (Fig. 4).  The figure clearly shows that four 
of the removed sites are certainly redundant, since their 
observed values are well within the CI of the estimations 
with the reduced network. The only exception is the first 
removed site, RW1, which is well outside the stated 
confidence interval. It is worth noting that, widening the CI 
at the 99% level of significance (three times the kriging 
prediction error), the estimated value in RW1 would 
satisfactorily match the corresponding observed value. 

As already pointed out in Section 2, this test indicates 
that RW1 could be associated to a local spatial discontinuity, 
since its observed value is not coherent with nearby 
measurements. This interpretation is confirmed by Figure 5, 
that shows that RW1 is surrounded by several monitoring 
sites with significantly different measured values of 
groundwater level. 

As a last global test, the consequences of the removal of 
the suggested sites on the residual informative capability of 
the whole MN has been assessed. Ordinary kriging was 
applied to estimate the variable of interest at each node of an 
estimation grid covering the whole study area, and not just 
at the removed locations, as in the previous case. The 
estimations were based on the observed value of both the 
original and the reduced MN. 

Table III shows a summary statistic of the two resulting 
distributions of estimated values [14]. The values in 
Table III show a rather similar behavior of the two 
distributions, suggesting a negligible impact of the sites 
removal with regard to the global estimation of the 
considered variable. A more careful comparison between the 
two distributions has been also carried out by means of a t-
test, confirming their substantial equivalence. 

Table II. Pointwise estimation accuracy test. 

	Site Observed Estimated Error Relative 
error (%) 

RW1 0.266 0.587 -0.321 120.8 
RW2 -0.351 -0.179 -0.172 48.94 
RW3 0.308 0.277 0.031 10.15 
RW4 -0.625 -0.559 -0.066 10.50 
RW5 -0.895 -0.748 -0.146 16.35 

Figure 4. Comparison between the observed values and the values 
estimated from the reduced MN. 

Figure 5. RW1 and its neighbouring sites. 
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5. CONCLUSIONS 

A software package, MSANOS, was applied to a 
practical case of downsizing of an existing groundwater-
level MN located in the Tavoliere di Puglia. Italy. SSA was 
used to optimize the selected AKV objective function. The 
aim of the study was to remove five wells, in order to reduce 
maintenance costs, while keeping most of the information 
capability of the network. MSANOS provided an optimal 
reduced MN, with about 99% of the original information 
capability. The quality of the optimization was checked by 
means of a retrospective analysis, which confirmed the 
negligible effect of the network downsizing on the global 
estimation capability. However, a local analysis marked at 
least one of the removed sites as critical, suggesting to 
reconsider such a removal. On the basis of these results, the 
MN manager decided to consider the RW1 site as un-
removable The usefulness of the proposed retrospective 
analysis is clearly demonstrated by the case study. 
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