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Abstract

This paper addresses the problem of contamination source determination in mu-
nicipal drinking water networks. In previous work, the authors introduced a large
scale nonlinear programming approach for identifying both the time and location
of contamination sources given concentration information from a limited number
of sensors. Due to the sparseness of the sensor grid, this problem inherently has
non-unique solutions. The problem was therefore regularized and the regularized
solution provided an approximate linear combination of the possible injection sce-
narios. In this paper, a mixed integer quadratic program is presented to refine
the solution provided by the nonlinear programming formulation. We introduce
a two-phase approach. In the n-phase, the number of likely injection locations is
estimated. Using this information, the e-phase is performed to extract the likely
injection scenarios from the family of non-unique solutions. This two-phase ap-
proach is tested on a realistic municipal water network model with approximately
400 nodes, simulating 5 different injection scenarios. In all 5 examples, the approach
was able to determine the correct number of injection locations and identify a set

of possible injection scenarios containing the actual simulated injections.
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Introduction

Presidential Decision Directive 63 identified water systems as one of the critical infras-
tructures to the United States. Following this directive and the passing of The Public
Health, Security, and Bioterrorism Preparedness and Response Act there has been in-
creased research effort in both assessing the vulnerability of drinking water systems and
proposing protection measures. Drinking water networks are vulnerable to chemical
and biological contamination and while physical security is being used to limit access to
some potential contamination locations, the distribution system itself remains largely
unprotected. One proposed method of protection is the installation of an early warning
detection system. Sensors installed at various locations throughout the drinking water

network could provide warning in the event of a contamination.

On its own, an early warning detection system (Ostfeld and Salomons, 2003; Berry et al.,
2003), provides only a coarse measure of the time and location of the contamination
event. In previous work (Laird et al., 2005, 2004; van Bloemen Waanders et al., 2003)
the authors introduced a large scale nonlinear programming approach that used real-
time concentration information from an installed sensor grid to determine accurately
the time and location of the contamination event. This approach introduced unknown,
time dependent injection terms at every node in the network and formulated a quadratic
program to solve for the time profiles of these injection terms. The complete, time
discretized water quality model was included as explicit constraints in the least squares
estimation problem, giving a large scale quadratic program (QP). The formulation for

this problem included the following assumptions:

e Installed sensors are capable of providing concentration measurements of the con-
taminant or, at least some linear measure of the degree of contamination. These
measurements need not be perfect, but the are assumed to be normally distributed

about the true value.

e Network flowrates are known, either from simulations, flow measurements, or some

combined estimation procedure.



Injection from different nodes could be indistinguishable given the measurements from
the sparse sensor grid, causing the QP to have non-unique solutions. Regularizing the
problem forced a unique solution to the QP that was an approximate linear combination
of distinct non-unique solutions. This results in a single solution that contains a family
of possible injection scenarios. Unfortunately, from this solution alone, it can be difficult
to determine the likely number of injections and the distinct injection scenarios that give
rise to the linear combination. Furthermore, due to modeling and measurement error,
the solution may include injection profiles that have only a minor effect on reducing the

least squares error.

In this paper, we build on the results of Laird et al. (2005) and add a discrete capa-
bility in order to determine the likely number of contamination events and the distinct
scenarios that are truly influential in reducing the least squares error. We reformulate
the large scale NLP problem from Laird et al. (2005) into a mixed integer quadratic
programming (MIQP) formulation. While the size of this full MIQP is prohibitive, con-
sidering only the space of solutions provided by the original NLP greatly reduces the
size of the MIQP and allows the use of of standard mixed integer solvers in a real-time
context. A two-phase approach is proposed. First, an n-phase is used to identify the
likely number of contamination events occurring in the network (the number of injection
locations). Then, given the number of events, an exploration phase, or e-phase identifies

the distinct injection scenarios that give rise to the solution of the original NLP.

The Background section gives a brief description of the formulation presented in Laird
et al. (2005), followed by a discussion of solution non-uniqueness and the regularized
problem. Following that, we introduce the mixed integer formulation and show how the
problem size can be reduced using active-set information from the original NLP. Then,
the two-phase approach is introduced and a formal description of the algorithm is given.
Finally, the effectiveness of this approach is demonstrated on a realistic municipal water
network model in the section, Results. Five different contamination scenarios are tested
with both single and multiple injection locations. The results demonstrate that the

approach is very effective at correctly determining the number of contamination events



and likely injection scenarios that correspond to the observed concentrations.
Background

The purpose of the work in Laird et al. (2005) was to present a formulation for solving
the inverse problem of identifying the time and location of contaminant injections in
real-time, using concentration information from sensors installed at a limited number
of nodes. This work assumed that contaminations could occur from any network node
and introduced unknown, time dependent contaminant injections at each node in the
network. As with water quality simulation techniques (Shang et al., 2002; Zierolf et al.,
1998; Rossman and Boulos, 1996), this approach used network flows as known inputs
and modeled the water quality only. The optimization problem was then written as a
weighted least squares minimization of the errors between the calculated and measured
concentrations subject to the partial differential constraints of the water quality model.
This infinite dimensional optimization problem was discretized in time, using an origin
tracking algorithm to remove the need to discretize in space, and a large scale quadratic
program was formulated from the discretized model. Due to the non-uniqueness of

solutions, regularization was applied to the formulation.

Using © to refer to the set of discretizations in time, and P and N to refer to the
compete set of network pipes and nodes, respectively, the original continuous quadratic

program (OCQP) for the inversion problem can be formulated as (Laird et al., 2005),

([:I(ljlrlrll f= % [c— "W e — ]+ ngm (1)

s.t. ¢— Pc=0, (2)

Né+ Nc+ Mm =0, (3)

m > 0, (4)

where ¢= ~~-6{j,68 . } ,Vi € P,j € © is a vector of pipe concentrations for the inlet
(Z) and outlet (O) of every pipe, discretized in time, c=[--¢;j---],Vi € N,j € O is

the vector of calculated concentrations for every node at every time discretization, and

m=1[--mj---],Vi € N,j € © is the vector of unknown contaminant mass injections
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for every node at every time discretization. The matrix P is defined by the origin track-
ing algorithm, and the matrices N, N, and M are the Jacobians of the discretized mass
balance constraints (for junctions and storage tanks) with respect to the pipe concen-
trations, node concentrations, and unknown injections, respectively. The function f is
a regularized weighted least squares objective where ¢* are the measured concentrations
and the diagonal matrix W is a flow-based weighting matrix for the least squares errors,

with nonzero elements only for sensor nodes at sample times.

The second term in the objective is a regularization term that forces a unique solution
to the problem. First, consider the unregularized case. With p=0, problem (1-4) is a
convex, but not necessarily strictly convex, QP; therefore, the QP solution is a global
minimum for the objective value, but the minimizer it is not necessarily unique. This

non-uniqueness is due to the limited number of sensors.

Consider the grid network shown in Figure 1 with sensors installed at every second
node (indicated by the grey shading) and a single reservoir water source at node 26.
Network flows are constant in the directions indicated by the arrows with demands
at the boundary nodes only. These demands were selected to introduce symmetry
about an axis through nodes 1 and 26 and pipe travel times that range from 0.5 to
5 hours. Selecting node 13 as the injection location, we introduce contaminant from
time, t = 0.5 to t = 1 hours. With the flows used in this network, the contaminant
will flow from node 13 to nodes 12 and 8 in about an hour and a half, where the
sensors will then detect the contaminant. If we consider only the observed concentration
measurements at nodes 8 and 12 (and zero concentration measurements from the other
sensors), we realize that there are two distinct injection scenarios capable of producing
the observed concentrations. The contaminant could have been injected at node 13 (the
actual injection) or at both nodes 8 and 12 simultaneously. Since any linear combination
of these two scenarios is also a possible solution, there are an infinite number of solutions
to the unregularized problem. With a small positive value for p, however, the QP
obtains a unique regularized solution. The regularization term balances the contribution

from the non-unique solutions, giving a single solution that is an approximate linear



combination of distinct injection scenarios. The value of p used is small relative to
the magnitude of the least squares term and does not dramatically alter the optimal

objective value.

Laird et al. (2005) demonstrate the source inversion capability on the grid network
example described above. Simulating the injection from node 13 with EPANET (Ross-
man, 2000) and using the origin tracking algorithm to describe the pipe time delays,
the authors formulate problem (1-4) with p=1-10~%, 5 minute timesteps, and a time
horizon of 4 hours (48 timesteps) and the solution is shown in Figure 2. This figure
shows the time profiles for the non-zero mass injections only with time in hours along
the abscissa and the mass flowrate of the injections along the ordinate. As expected, we
see that nodes 8, 12, and 13 all contribute injection profiles to the solution. The effect
of regularization is apparent. The solution given is an approximate linear combination
of the two distinct solutions discussed above. With the simplicity of the grid network
topology and flow patterns, it is straightforward for us to examine Figures 1 and 2 and
infer the two solutions of interest, namely an injection at node 13 at ¢ = 0.5 hours, or
a simultaneous injection at nodes 8 and 12 at t = 2 hours. Unfortunately, for a more
complex network, with time varying flow patterns, interpreting these solution profiles

is non-trivial.

Refining the solution of the original NLP, we would would like to know the number of
likely injections occurring in the network and the possible injection scenarios involving
this number of locations. For example, armed with the information that a single injec-
tion from node 13 is capable of producing the observed concentrations, we would likely
investigate this location first, as opposed to nodes 8 and 12 where injections would need

to be timed precisely to coincide with the time delays from node 13.
Mixed Integer Formulation

In this section, we introduce a mixed integer formulation derived from the OCQP. We
will first show how the size of the base formulation can be reduced by considering only

the space of solutions provided by the OCQP. We will then introduce discrete variables



and formulate a mixed integer quadratic program that allows us to restrict the number
of injection locations and add cuts to exclude specific injection scenarios. This will form

the basis for our two-phase approach described in the next section.

Consider the grid network problem presented earlier. With 26 nodes and 48 timesteps,
this problem has 1248 elements in m (one for each node at each timestep). If we look at
the solution of the OCQP given in Figure 2, however, we immediately notice that most
of the elements of m are zero at the solution (i.e. most of the bound constraints are
active). There are only 18 nonzero elements of m at the solution (6 timesteps for each
of the 3 nodes). Furthermore, there are only 3 nodes represented in the solution, 8, 12,
and 13. To search within the solution provided by the OCQP, we are only interested in
these nonzero elements and the reduced set of node locations. Therefore, if we first solve
the OCQP and identify the elements of m that are zero (or below some detection limit),
we can remove these variables and formulate the MIQP in the space of the nonzero

variables only.

It is first convenient to rewrite the OCQP, problem (1-4), in terms of m only, letting
A=—(N-P+ N)"'M,

min f:EAm—c*TWAm—c*—FBme 5
2 2

s.t. m >0, (6)

Let m™ be the solution of the injection variables from the OCQP. We can then partition
m into myp, the elements that were zero at the solution of the OCQP, and m,, the

elements that were positive,

m:|:m0 m+:|a
mo = {m;; : mj;=0,Vi € N, j € O},

my = {my; : m;>0,¥i e N,j € O} (7)

Let the set Ny = {i : mj; > 0,Vi € N,Vj € O} contain all the nodes that are



represented by the solution of the OCQP, that is all the nodes that have at least one
nonzero injection at some point in time. Let the set, (©1); = {j : mj; > 0,Vj € ©}
contain the timesteps that are represented by the solution of the OCQP for node . With

these definitions, m, can be equivalently defined as m4={m;;,Vj € (04 );,Vi € Ny}.

Partitioning A = [Ay A], we can rewrite problem (5-6) in terms of [mg m]. Since the

myg elements are fixed at zero, they can be removed from the problem,

1
min f = B [Aymy — F)TW [Apmy — ] + gmszr (8)
my

s.t. mq > 0. (9)

Since we have only removed the variables that will be zero at the solution of the OCQP,
the solution for m. from problem (8-9) is the same as that of the OCQP and problem
(5-6). Of course, this reformulation can not be used to reduce the size of the OCQP,
since it requires that we first evaluate the solution of the full OCQP to determine the
active-set. However, if we first solve the OCQP, then identify the zero and nonzero
elements of m, we can use problem (8-9) as the basis for formulating the MIQP in terms
of the nonzero variables only. This greatly reduces the number of nodes and timesteps

to consider in the MIQP.

It is convenient to introduce a new variable Am = m4 —m’, and rewrite the objective

(8) as,
1
=5 Ay =W [Agmt -] + g [my]" [m?]
+[AAam]T W [Apm? — ] + pAmTm? (10)

- % [ALAm)]T WAL Am + gAmTAm.

It is clear that the first two terms in equation (10) are constant. From the first order



optimality conditions of problem (5-6), we have that

ATW [Afm? + Aoml — '] +pmi — vl =0 (11)

AFW [ALm?® + Agmf — ¢*] + pmf — v§ = 0, (12)

where v are the dual variables for the lower bounds on m. Since m4 is the set of all
variables whose solution values were nonzero (i.e. their bound constraints were not
active), from the complementarity conditions we know that v;=0. Furthermore, my=0
and equation (11) simplifies to ATW [Aym?% — ¢*| + p m% = 0. Therefore, the third
and fourth terms in equation (10) sum to zero and we only consider the final two terms

for our objective in the following mixed integer formulation,

min fa = 1AmTQAm + 2AmTAm (13)
Am,y 2 2
s.t. Ly; < m;} + Amij <Uy;, Vie N+,j € (@4_), (14)
Z Yyi=mn (15)
1EN
ly — 6%, > 1, Vke{l.K}. (16)

We label this formulation BMIQP(n, K), the base mixed integer quadratic program.
Since ¢=A;m_, the matrix, Q:AEWAJ,_ can be efficiently calculated by perturbing
elements of m4 and solving the forward model to find the response on c. Here y; € {0,1}
is a binary variable that allows positive injections for node 7 only if y;=1. The parameters
L and U are reasonable lower and upper bounds on the injection terms and constraint
(14) is a standard big-M constraint (Biegler et al., 1997). Constraint (15) allows us to
restrict the feasible region to only those solutions involving n injection locations. The
parameter n can be any value between zero and |N, |, where |- | indicates the cardinality
of the set. Constraint (16) allows us to add integer cuts (Biegler et al., 1997) eliminating
unlikely scenarios or previously visited solutions. K is the number of integer cuts, where

the parameter b* is the vector of binary values for cut k. That is, all y = b*,Vk € {1..K},



will be disallowed.

To show the effectiveness of this MIQP formulation and how it may be used, we again
consider the grid network example and formulate problem (13-16) using the solution of
the OCQP, from Figure 2. Dropping the integer constraints (15-16), we can completely

enumerate all the possible combinations for the binary variables.

Table 1 shows all 8 enumerated solutions. We are interested in two pieces of information.
First, we want to know the number of likely injection locations. Second, we want to
know all the distinct injection scenarios (involving that number of injection locations)
that are capable of producing the observed data. Notice that the top entry in the table,
Solution 1, tells us immediately that an injection at node 13 alone is able to reproduce
the observed data precisely. Furthermore, Solutions 4 and 5 show the objective function
is worsened by adding node 8 or node 12 to the solution with node 13. While Solution
2 with nodes 8 and 12 together are also capable of reproducing the data precisely, it is
likely that we would first investigate node 13. Furthermore, we see from Solution 6 and
7 that nodes 8 or 12 on their own are not capable of matching the observed data. Any
injection from 8 must be accompanied by an injection from 12 and vice-versa. These
results confirm what we already know from the network topology and flow conditions,
but for a more complex system, these scenarios may not have been easily inferred by
the solution of the OCQP alone. The MIQP formulation is able to tell us that we have

one likely injection location and that location is node 13.

In this small grid example, we were able to enumerate all the possible integer solutions.
For larger examples, however, this may be combinatorially intractable. Instead, we

propose a two-phase search procedure.
Two-Phase Approach

Formulation (13-16) forms the base mixed integer quadratic program for our two-phase
approach. In the n-phase we first identify the number of likely contamination events.
Here, we solve BMIQP(n,0) for all n € {1..|Ny|}. By examining the value of the

objective function, seek the smallest value of n that still indicates a reasonable match
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with the observed data. Let fA(n,0) be the optimal objective value for BMIQP(n, 0).
The value of fX(|Ny|,0)=0 is the best match that we can achieve. In defining fa, we
dropped the first two constants in equation (10), therefore a value of zero does not mean
a perfect match with the data, but rather as good a match as the OCQP. The value of
fA(0,0) is the value of the objective function if we forced all elements of m to zero (i.e.
fA(0,0) = fa(Am=—m?)) and provides a reasonable measure for worst case behavior.

Using this notation, we introduce the following definition,

fA(n, K)

on,K)=1-— 7100,0)

(17)

By this definition, a value of o(n, K') = 1 means that we have as good a match with the
data as possible. A value of o(n, K) = 0 indicates that we have essentially no matching
of the data. In the n-phase procedure we will search for the smallest value of n that
produces a value for o(n,0) approaching 1 and call this value n*. This is the smallest
number of injection locations that are capable of producing the observed data and this
situation will be our first investigation priority. Note that it appears as though this
selection of n* is merely favoring scenarios which involve the fewest injection locations
(i.e. the simplest possibility), but actually, the justification is much stronger. If the
true injection scenario involved more than n* injection locations, then the true scenario
would need to be precisely timed to appear as though it had originated from fewer
locations. This would require detailed, real-time information about the current flow
patterns in the network. Consider again the grid network example. It is not merely
that an injection at node 13 is a single injection and therefore more likely than injections
at nodes 8 and 12. Rather, an injection at node 13 alone is more likely than injections at
nodes 8 and 12 that are so precisely timed that they can also look like an injection from
node 13 on its own. This would require a coordinated injection and precise knowledge of
the delays between the nodes. This type of coordinated scenario is unlikely, however, it
is not impossible and the approach does not prevent us from also considering scenarios

with more than n* injection locations.

Once we have identified the likely number of injection locations n*, we enter the e-
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phase or exploratory phase of the search procedure. Here, we seek to identify all the
distinct scenarios involving n* injection locations that provide a reasonable match of
the observed concentrations. Let y*(n*, K) be the optimal solution for the binary vari-
ables from BMIQP(n*, K). In the e-phase, we first solve BMIQP(n*, K=0) and record
the values of the elements of y*(n*,0), the first possible injection scenario. Using con-
straint (16), we cut y*(n*,0) from the set of possible solutions, increment K, and solve
BMIQP(n*, K=1), this time, finding y*(n*,1). Iterating, we obtain a set of possible
distinct injection scenarios, stopping the search when the value of o(n*, K') no longer
indicates a match with the observed data. The complete two-phase search algorithm is

defined as follows:

Two-Phase Search Algorithm

1. Solve the OCQP

2. Identify the elements of m

3. Calculate Q

4. Formulate problem BMIQP(n, K)

5. The n-phase; find n*, the likely number of injection locations:

5.1. For n = {1..|N4|}, solve BMIQP(n,0) and record o(n,0)

5.2. Examine the sigma values and select n*

6. The e-phase; find possible distinct injection scenarios with n* injection locations:

6.1. Let K =0
6.2. Solve BMIQP(n*, K)
6.3. if o(n*, K) < o4 or if BMIQP(n*, K) is infeasible then
e Stop.
Otherwise,

e Record y*(n*, K) as a possible injection scenario
e Add the cut, letting K = K + 1 and b¥ = y*(n*, K)
e Goto step 6.2

The parameter, o4, determines a point to stop the search. In the numerical results for

this paper, this value was set to o, = 0.80(n*,0).
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Numerical Results

In this section we will demonstrate the effectiveness of the two-phase approach on a real-
istic municipal water network model. This model, shown in Figure 3, has 394 junctions,
534 pipes, 1 reservior, 1 tank, 1 pump, and 4 valves. (The nodes have been morphed
from their original locations, but the connectivity remains true.) We select 50 sensor
locations by first creating a weighted distribution for the nodes, assigning a value for
each of the nodes based on the total flow through the node in a 24 hour period. To
ensure that nodes with zero flow are not arbitrarily excluded from selection, all nodes
are given a weight of at least 5 percent of the maximum weight. We then randomly

draw from this distribution to select the sensor nodes.

The two-phase approach is tested with five examples. There are two examples testing the
single injection scenario, one with an injection from node 435, and one with an injection
from node 801. There are also two examples testing the double injection scenario, one
with injections from nodes 435 and 51, and one with injections from nodes 435 and 801.
Finally, we test a triple injection scenario with simultaneous injections from nodes 435,

801, and 51.

For each of these scenarios, the spread of contaminant is simulated using EPANET
(Rossman, 2000). We perform a 24 hour simulation with all contaminant injections
being a pulse injection from hour 6 to hour 7. The OCQP problem is formulated with a
6 hour time horizon, starting at hour 4 through hour 10. This is equivalent to running

the source inversion 4 hours following the true injection time.

In all cases, we formulate the full OCQP using a software tool(Laird et al., 2005) that
parses the EPANET input and output files, performs the origin tracking algorithm, and
writes the optimization problem in AMPL (Fourer et al., 1993) format. This AMPL
problem is then solved with the CPLEX optimization package (www.ilog.com). Using
the solution of the OCQP, we find the set m by selecting all elements of m greater
than a threshold tolerance. Forward simulations are performed using equations (2-3)
for each perturbed element in m,. The matrix Q:AEWAJ'_ is then calculated and the

base mixed integer quadratic program BMIQP(n, K) is written in AMPL format.
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All mixed integer problems were also solved using CPLEX. Beginning the n-phase, the
problem BMIQP(n,0) is solved for each n = {1..|NVy|} and the values of o(n,0) are
plotted to select n*. Having found a value for n*, the e-phase is performed. The
problem BMIQP (n*, K) is solved for increasing values of K until the stopping criteria.
At each step, the integer solution, y*(n*, K) is recorded before adding it to the set of
cuts. The remainder of this section shows the results of this approach on each of the

five examples.

Single Injection Examples

In the first example, we simulate an injection from node 435. Formulating and solving
the OCQP, we get the solution shown in Figure 4. Here, we see two dominant nodes,
2301, and 435. There are some smaller injections from other nodes, but with the solution
of the OCQP alone, it is not known if these injection profiles have a significant effect on
the least squares objective. Partitioning the elements of m gives us 7 nodes to consider
in BMIQP(n,0) and a total of of 70 elements in my. In the n-phase, we record the
o(n,0) values shown in Figure 5. The abscissa shows the value of n in BMIQP(n,0)
and the ordinate shows the corresponding value of o(n,0). Here, we clearly see at
n=1 that a single injection is capable of a very good match with the observed data.
Executing the e-phase with n*=1, we record the y*(n*, K) values shown in Table 2.
This table summarizes the results by listing the number of cuts, K in the first column,
the value for o(n*, K) in the second column, and elements of y*(n*, K) that were 1 (i.e.
the nodes represented in the solution). Here, the e-phase identifies the two possible
injection locations as node 435 or node 2301. Overall, these results tell us that a single
injection location is likely, and that its location is either 435 or 2301. We now know
that nodes 430, 431, 2401, 2501, and 2601 do not have a significant effect on the least

squares objective.

The OCQP solution for a single injection from node 801 is shown in Figure 6. Here, we
have only two injection locations present, nodes 801, and 802. We may have a scenario

with a single injection location and that injection is from either node 801 or 802. Or,
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we may also have a double injection scenario involving both nodes. In this example,
if we look at the network diagram shown in Figure 3 we can see that nodes 801 and
802 are neighboring nodes and we would conclude that we likely have a single injection
scenario from either node 801 or node 802. When formulating problem BMIQP, we
have only 2 nodes to consider and 27 elements in m,. The results of the n-phase are
shown in Figure 7. Again, we clearly see that a single injection is capable of producing
the observed data. The e-phase results, in Table 3, show that a single injection from
node 801 is capable of matching the data, as is a single injection from node 802. Due
to the sparsity of the sensor network, and the flow patterns, these two locations are

indistinguishable.

Multiple Injection Examples

In the third example, we simultaneously inject contaminant from nodes 435 and 51.
We see in the solution of the OCQP, shown in Figure 8, that there is increased non-
uniqueness and model error and the OCQP identifies many possible injection locations.
Performing the two-phase approach, we have 14 nodes to consider and 164 elements in
m4. The n-phase results are shown in Figure 9. Here, a single injection, on its own,
is not capable of matching the observed data, however, a solution with two injection
locations is able to match the data well. The e-phase, with n*=2, finds the solutions
given in Table 4. As viable injection scenarios, we see every combination of 435 or 2301
with every combination of 51, 71, or 70. The e-phase results from this example agree
with the first example, that injections from nodes 435 and 2301 are indistinguishable.
Furthermore, we see that injections from 51, 71, and 70 are indistinguishable. This
solution shows us that we have two injections occurring in the network, one of them is
from node 435 or node 2301, and one is from node 51, 71, or 70. The two-phase approach
is capable of separating the non-uniqueness associated with each region. Furthermore,
it has removed, from the OCQP solution, the nodes that do not largely contribute to

the least squares objective.
In the fourth example, we test simultaneous injections from nodes 435 and 801. The
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solution of the OCQP is shown in Figure 10. Partioning m, we have 7 nodes to consider
and 90 elements in m. The n-phase results, given in Figure 11, tells us that we should
consider two locations.We know from previous examples that nodes 435 and 2301 are
indistinguishable from each other and that nodes 801 and 802 are indistinguishable from
each other. Therefore, we would expect e-phase results that show every combination of
435 or 2301 with every combination of 801 or 802, which is exactly the result that we

see in Table 5.

In the final example, we test the two-phase approach with simultaneous injections from
nodes 435, 801, and 51. The solution of the OCQP is shown in Figure 12. It would be
very difficult to determine the distinct injection possibilities from the OCQP solution
alone. Partitioning m, we have a total of 14 nodes to consider and 181 elements in
m4. We see in the n-phase results, shown in Figure 13, that neither n=1 or n=2 are
able to match the observed data. The results of the n-phase indicate that there are
likely 3 injection locations involved. Setting n*=3, the e-phase results are shown in
Table . This shows the possible injection scenarios as any combination of nodes 435
or 2301, with any combination of nodes 51, 70, or 71, with any combination of nodes
801 or 802, consistent with the indistinguishable nodes from the examples above. The
two-phase approach is able to distinguish that there are three injection locations and

provide distinct injection scenarios that include the true injection locations.
Conclusions and Future Work

The results demonstrate that the base mixed integer quadratic programming formula-
tion can separate out nodes from the OCQP that do not dramatically contribute to the
least squares objective. The greatest strength of this two-phase approach is its ability
to identify the number of likely injection locations and then systematically search for

the distinct injection scenarios.

These tests were performed on an Intel 2.4 GHz Xeon Processor machine. For all ex-
amples, the execution time for the n-phase and the e-phase was reasonable for use in a

real-time setting. The longest e-phase execution time was less than 15 seconds. These
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fast solution times in the e-phase are only possible because of the problem reduction
procedure. Further computational tests could compare the cost of solving the full prob-
lem against the combined cost of generating the reduced problem and then solving the

reduced problem to determine when each technique is appropriate.

This approach is subject to problems of scale, however. The n-phase relies on differences
in the value of the least squares objective to determine the likely number of injections.
Consider the case with one large continuous injection that has a huge effect on the least
squares objective, and one small continuous injection that has a minor effect on the least
squares objective. It is possible for us to mistake the tiny difference between o(1,0) and
0(2,0) as noise or model error and incorrectly determine that the number of injections
is one. We do not feel that this is a huge drawback since the larger injection would have
a much more dramatic effect on contaminant levels in the network and it is likely we
would want to first investigate this injection location anyway. Once that injection has
been stopped or flushed its way through the system, the second, smaller injection would
then be realized. If the two contaminant regions are separated, a windowing approach
like that described in previous work (Laird et al., 2004) could also be used to solve each

problem independently and would not be subject to the issues of scaling.

The formulation used in this paper makes the same assumptions as in previous work
(Laird et al., 2005, 2004; van Bloemen Waanders et al., 2003). Namely that the sensors
can provide some linear measure of the degree of contamination and that the real-time
network flows are known. Future work will address both of these issues. First, the
problem can be reformulated to allow for sensors that cannot provide a measure of the
degree of contamination, but only indicate the presence or lack of contaminant. The
solution to this reformulated problem will, of course, be less precise and it is likely that
the number of possible scenarios requiring investigation will increase. Furthermore, in
a real life situation, the network water demands will only be loosely characterized. We
propose to consider the uncertainty associated with these parameters through the use
of a multi-scenario framework. Here, a single optimization problem is formulated with

a large number of scenarios, each being a statistical sample from the expected demand
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distributions. This approach has been previously described for the design of chemical
plants under uncertain conditions in Rooney and Biegler (2003) and decomposition
approaches exist to solve this large problem efficiently. We believe that these are the
next critical steps necessary to solve the problem of effective source inversion in drinking

water networks.
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’ Solution No. \ Objective Value \ n \ Ys \ Y12 \ Y13 ‘
1 0.00 1101] 0 1
2 0.00 211 1] 1 0
3 0.00 3111 1
4 36.8 21011 1
5 36.8 21110 1
6 191 1711]0 0
7 191 110 1 0
8 449 0,010 0

Table 1: Enumerated Solutions to Grid Network Example.

435

Table 2: e-phase results for a single in-

jection from node 435. The dashed line

indicates the cutoff point for the e-phase

search.
K | o(n*,K) | Nodes Found
0| 0094 435, 51
1 0.92 435, 71
2 | 092 435, 70
3 0.90 2301, 51
4 0.88 2301, 71
5 0.88 2301, 70
6| 056 | 431,51 |

Table 4: e-phase results for simultaneous

injections from nodes 435 and 51.

The

dashed line indicates the cutoff point for

the e-phase search.

1.0 802

2 — problem infeasible
Table 3: e-phase results for a single in-
jection from node 801. The dashed line

indicates the cutoff point for the e-phase

search.
K | o(n*,K) | Nodes Found
0 0.98 435, 802
1 0.98 435, 801
2 0.94 2301, 802
3 0.93 2301, 801
4| 056 | 2301, 2501 |

Table 5: e-phase results for simultaneous
injections from nodes 435 and 801. The
dashed line indicates the cutoff point for

the e-phase search.
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o(n*, K) | Nodes Found
0.96 435, 51, 802
0.95 435, 51, 801
0.94 435, 71, 802
0.94 435, 70, 802
0.93 | 435, 71, 801

435, 70, 801

0.93 | 2301, 51, 802

0.92 2301, 51, 801

0.92 | 2301, 71, 802

0.91 2301, 70, 802

091 | 2301, 71, 801

0.90 2301, 70, 801

435, 55, 71
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Table 6: e-phase results for simultaneous
injections from nodes 435 , 801, and 51.
The dashed line indicates the cutoff point

for the e-phase search.
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Figure 1: Grid Network Example. A
small symmetric grid network with
sensors installed at every second node,

indicated by the shading.
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Profiles for 8 and 12 overlap
due to symmetry

3 4 5 6 7
time (hours)

Figure 2: Grid Network Example So-

lution. Solution of problem (1-4) on

the grid network with an injection

from node 13 at t=0.5 hours.
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Figure 3: Municipal Network Model: Diagram of the network model. Contaminant was
injected from nodes 435, 801, and 51 as shown in the expanded regions. The locations
of the network nodes have been morphed from the true model, but the connectivity

remains true.
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Figure 4: OCQP Solution for a single in- Figure 5: n-phase results for a single in-

jection from node 435. jection from node 435.
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Figure 6: OCQP Solution for a single in- Figure 7: The n-phase results for a single

jection from node 801. injection from node 801.
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Figure 8: OCQP Solution for simultane-

ous injections from nodes 435 and 51.
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Figure 10: OCQP Solution for simulta-
neous injections from nodes 435 and 801.
The dashed line indicates the cutoff point

for the e-phase search.
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Figure 9: The n-phase results for a double

injection from nodes 435 and 51.
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Figure 11: The n-phase results for si-
multaneous injections from nodes 435 and
801. The dashed line indicates the cutoff

point for the e-phase search.
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Figure 12: OCQP Solution for simultane- Figure 13: The n-phase results for simul-
ous injections from nodes 435, 801, and taneous injections from nodes 435, 801,

51. and 51.

25



