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Abstract: A model predictive control (MPC) framework, exploiting both feedforward and feedback
control loops, is employed to minimize large disturbances that occur in military water networks.
Military installations’ need for resilient and efficient water supplies is often challenged by large
disturbances like fires, terrorist activity, troop training rotations, and large scale leaks. This work
applies the effectiveness of MPC to provide predictive capability and compensate for vast
geographical differences and varying phenomena time scales using computational software and
actual system dimensions and parameters. The results show that large disturbances are rapidly
minimized while maintaining chlorine concentration within legal limits at the point of demand
and overall water usage is minimized. The control framework also ensures pumping is minimized
during peak electricity hours, so costs are kept lower than simple proportional control. Thecontrol
structure implemented in this work is able to support resiliency and increased efficiency on
military bases by minimizing tank holdup, effectively countering large disturbances, and efficiently
managing pumping.
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1. Introduction

Large perturbations in municipal water systems are not unique to military bases, but the need to
rapidly and accurately correct for disturbances is critical to base resiliency and safety. Resiliency on
military bases is vulnerable to deficiencies in water systems created from a variety of disturbances:
fires, terrorist activity, large leaks, or loss of chlorination at the inlet. Fires or large breaks in water lines
caused by terrorist activity or other natural disasters, create an immediate and unpredicted demand
that, without compensation, will quickly deplete water inventory. A large mechanized unit returning
from training that requires intensive cleaning and maintenance could also put a similar stress on the
water system. Figure 1 shows the physical location of perturbations used in this study at the inlet, or
point where water is introduced to the system, and at the demand, which is modeled as a concentration
of residential and industrial (military unit) consumers. Figure 2 shows plots of the relative disturbances.
This study simulates a disturbance on demand, similar to the ones mentioned above, in the middle of
the day when demand is already high. In the event of an extensive demand event, the flow of water
required in the system would look more like the disturbance line in the upper plot of Figure 2. The line
labeled “normal" depicts a standard day without excessive disturbances and a pattern of use that
supports both residential and military operational needs. Typical system inlet chlorine concentration
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in this study ranges from 0.7–1.0 mg/L. The lower plot of Figure 2 shows a substantial disturbance on
inlet concentration that, if not compensated for, would degrade water quality throughout the system
and require extensive flushing that creates wasted water and energy. Such an event is a risk to the
overall resiliency and security of base operations. Although these perturbations are only a fraction of
the possibilities, they were chosen for this study to show the rigor of the proposed model predictive
control (MPC) framework because they are large and occur when the system is under the most stress.
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1.1. Motivation and Scope

The cost of providing potable water is mostly sensitive to tank water level. Tank water level
does drive cost in most, if not all, water systems because pumping water into the system is the only
manipulated variable (MV) available. When chlorine concentration decreases below the minimum
level because of residence time or a disturbance on inlet concentration, the only MV to manipulate
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in water systems to increase the controlled variable (CV), or chlorine concentration at demand, c,
is pumping flow, q. Especially when disturbances are excessive, a possibility on military bases,
manipulating q as the only MV to change c will inevitably lead to excess water introduced into
the system. The implication of introducing water in excess of demand is that it will most likely be
wasted, or purged, after the chlorine concentration descends below the minimum level allowed by
law. An alternate framework that will specifically target the prospect of disturbance variables (DV) of
inlet concentration and demand while meeting the goals of the optimization layer is introduced here.
The objectives of this work are to: (1) implement local regulatory control loops for tank water level
(feedback) and inlet concentration (feedforward), (2) develop a nonlinear multi-input multi-output
(MIMO) nonlinear model predictive controller (NMPC) to regulate the CVs with adequate MVs,
(3) compare the performance of the MIMO MPC controller to regulatory control alone, (4) integrate
chlorine injection as a manipulated variable, and (5) demonstrate the effectiveness of feedforward
control on large scale disturbance rejection while minimizing cost and tank water level.

This work proposes a MPC supervisory layer, depicted in Figure 3, to minimize the impact of
large, unpredicted disturbances while maintaining the strict constraints and resiliency requirements
of military water systems. MPC is a tool used effectively in various process applications throughout
the manufacturing and chemical industries [1]. If a reasonably accurate model is available, MPC is
a suitable choice to provide supervisory control over processes like water networks where multiple
inputs and outputs exist and strict inequality constraints must be met. Previous work by the
authors demonstrates accurate nonlinear modeling of military water systems based on the work
of Rossman et al. [2,3]. MPC implemented in this work will solve an optimal control problem under
constraints with a specified prediction and control horizon. The controller will calculate control moves
over the entire control horizon, but only implement the first move before repeating at the next time
interval. At each time interval after implementing the first control move, the controller is providing
inputs to change the trajectory of the controlled variables to their desired set points [4]. This work’s
goal is to demonstrate the effective use of MPC on a military water system to reduce cost, water use,
and ensure sufficient water inventory is maintained to establish resiliency in the system during times
of stress on the system (large, unpredicted disturbances).
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1.2. Literature Review

Led mainly by Mietek Brdys over the past two decades, a relatively small number of researchers
have attempted to model and implement MPC on municipal water systems. MPC was successfully
applied originally to minimize the cost of pumping [5–8]. Others took a more general approach using
MPC, gaining good optimization and control of water quality and quantity in municipal systems as a
whole [9–14]. An excellent feature article was published in 2002 providing an overview of feedback
control as it applies to water quality [15]. A couple of key papers expand on the application of
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MPC to water systems by making improvements to the controllers or reducing uncertainty in the
algorithms [16–18].

Even fewer researchers have used feedforward compensation in efforts to control water networks.
The literature shows that the only mention of feedforward control action implemented with model
predictive control in water networks is by Sandison [19]. Sandison implemented feedforward
compensation on single loop systems with good results, but it is unclear how well the framework
would perform under the stress of large inlet disturbances.

A knowledge gap exists in the literature in three areas that will be addressed here: (1) NMPC
for the reduction of system volume and storage holdup, (2) feedforward integration to minimize
disturbances, and (3) applying NMPC to reduce cost, electricity consumption and increase system
resiliency under the unique constraints of military water systems.

2. Research Methods

2.1. System Identification

There are two models employed in this work. The dynamic nonlinear process model used in the
real time optimization block of Figure 3 is outlined as [2,3]:

∂ct,k,i

∂t
=
−qt,k

Ak

∂ct,k,i

∂x
− θct,k,i, (1)

where ct,k,i = chlorine concentration in the pipe bulk flow at time t, in pipe section k, and pipe
segment i; qt,k = volumetric flow rate; Ak = cross sectional area of specific pipe sections. The term
on the left side of Equation (1) represents the change in chlorine concentration in pipe segments
throughout the water distribution network with respect to time. The first term on the right describes
the change in concentration axially along the length of each pipe segment, multiplied by the quotient of
volumetric flow rate and cross sectional pipe area. It is this term that introduces nonlinear behavior to
the model as the flow rate and concentration are changing simultaneously. The second term on the right
describes the reaction kinetics multiplied by the chlorine concentration. Theta represents the reaction
kinetics of chlorine degradation as a function of time and temperature, outlined by Rossman et al. [2].
Further details regarding this model can be found in previous work by James et al. [3]. A series of
perturbations were then used with this model and outputs were measured to generate a simpler model
for control that would be both efficient and accurate.

A multi-input, multi-output (MIMO) transfer function model was identified to accurately predict
tank water level, L, and chlorine concentration at demand, c as a function of four inputs: (1) pumping
action, (2) chlorine injection, (3) demand flow, and (4) inlet chlorine concentration and be employed for
control purposes in this work. Step changes were made in each input in the aforementioned distributed
model and the results of the system identification is depicted in Table 1.

Table 1. Individual step-response models for the identified water system in Figure 5 with four inputs
and two outputs. The two blank plots represent no influence from inputs on CVs (CV: controlled
variable, MV: manipulated variable, DV: disturbance variables).

Tank Holdup, CV Demand Chlorine Concentration, CV

Pump, MV G11 = 0.5067
s+0.00022 G21 = 4.4×10−7s+2.7×10−7

s2+0.61s+0.003
Chlorine Injection, MV G22 = −0.1568s+0.31

s2+0.12s+6.6×10−10 e−4s

Demand, DV G13 = −0.5341s+0.0005
s2+0.0009s+4.3×10−9 G23 = −1.0×10−5s2−1.4×10−6s+4.3×10−6

s3+15.5s2+10.66s+0.01

Initial Concentration, DV G24 = −0.07s+0.51
s2+4.4s+0.96

The System Identification ToolboxTM in the MATLAB R© software package (version R2017A,
MathWorks, Natick, MA, USA) was used to identify transfer function models for each input/output
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combination. The relationship between each input and output was captured with at least a 74%
fit, so the transfer function models were used in the development of a model predictive controller.
The positive result of system identification is evident in Figure 4 where the distributed model and
transfer function model describing tank level are very similar. A common practice in MPC development
is to use step-response models instead of transfer functions, particularly in highly nonlinear cases [4].
This work did not yet explore the use of step-response modeling to describe the water system and, to
the author’s knowledge, this technique has not been used in water system modeling.
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2.2. Nonlinear Disturbance Controller Development

If a disturbance can be detected before it enters the process and the process model is sufficiently
accurate, feedforward MPC can often provide better disturbance rejection than feedback MPC
alone [20]. Most feedforward systems use feedback trim as a means to compensate for errors in
modeling and feedforward control discrepancies. However, self-regulating systems that do not require
set point tracking, like chlorine concentration in water systems in the presence of large disturbances,
can be controlled adequately with feedforward control alone [21].

This section outlines a NMPC based on a dynamic system model, illustrated by the process
flowsheet in Figure 5 and the block diagrams in Figures 6–8 that utilize two control loops to reject large
process disturbances: (1) a feedback loop that rejects large disturbances on demand, maintains tank
holdup above the minimum resiliency constraint, and minimizes the amount of water inventory on
hand and (2) a feedforward loop that rejects large disturbances on inlet concentration to ensure that
downstream chlorine concentration remains at acceptable levels.

The “control calcuations” block in Figure 6 is made up of the feedforward and feedback loops in
Figures 7 and 8. The optimization/scheduling layer provides set points to the control loops based on
the model’s prediction and inputs on the system such as electricity prices, predicted demand, and inlet
concentration. Furthermore, the optimization/scheduling layer provides predictive pump scheduling
for the system, which is shown as an input to the feedback control loop in Figure 8.
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Figure 6. Block diagram for model predictive control with feedforward disturbance compensation.
Modified from Seborg et al. [4].

Figure 7. Block diagram for feedforward control. The control action is a portion of the “control
calculations” block in Figure 6. Modified from Seborg et al. [4].

Figure 8. Block diagram for feedback control with included planned pumping from the
optimization/scheduling layer. The control action is a portion of the “control calculations” block
in Figure 6. Modified from Seborg et al. [4].

Figure 6. Block diagram for model predictive control with feedforward disturbance compensation,
modified from Seborg et al. [4].
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Figure 7. Block diagram for feedforward control. The control action is a portion of the “control
calculations” block in Figure 6., modified from Seborg et al. [4].

Figure 8. Block diagram for feedback control with included planned pumping from the
optimization/scheduling layer. The control action is a portion of the “control calculations” block
in Figure 6, modified from Seborg et al. [4].

The nonlinear nature of the model requires that the NMPC problem be formulated using a
two-phase approach: estimation phase and control move calculation phase [20]. The estimation phase
is stated here as a nonlinear sub-problem:

min
x0,pe ,de

p

∑
l=0

ÊT
k+1(k + 1)QÊk+1(k + 1), (2)

subject to:

x(t− P) = x0,

dx
dt

= f (x, u, pe, de, t),

y = g(x, u, pe, de, t),

ym
k−P+l = measured value of y when t = tk−P+l ,

Êk+1 = y(tk−P+l)− ym
k−P+l ∀t, k,

(3)

where x represents the controlled states, namely tank water level and chlorine concentration at demand,
pe and de represent estimated system parameters and disturbances, respectively, and y(tk−P+l) and
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ym
k−P+l represent predicted and measured output, respectively. The prediction horizon, P, is 24 h in

this study due to the accessibility of day ahead electricity pricing.
Similar to a linear case, the control move calculation phase is used to calculate the current control

action, uk, plus additional control action and minimize the calculations over the control horizon, M.
This work uses two control loops to calculate control moves: a feedback loop to control tank water
holdup and a feedforward loop to control chlorine injection in an effort to minimize the effects of large
disturbances on inlet chlorine concentration. The feedback loop utilizes a simple proportional control
method to allow for averaging level control. Proportional control is also adequate in this case because
offset from the set point is allowed:

Pb = p̄ + Pp + Kbe. (4)

In Equation (4), p̄ represents the steady state value, Pp is the scheduled pumping action passed
from the optimization/scheduling layer, and Kb is the proportional gain for the feedback loop [4].
The error, e is defined as:

e = Ysp −Ym, (5)

where Ysp is either the tank level set point, Lsp or the inlet chlorine concentration set point, Csp and Ym

is the measured corresponding output values. The feedforward portion of the control phase is treated
as “perfect” feedforward control, where the control action is designed to keep the controlled variable
exactly at the set point despite dynamic effects from the system [4]:

G f = −
Gd

GtGvGp
. (6)

The dynamic effects of the transmitter and valve, represented by transfer functions Gt and Gv,
respectively, are neglected in this study and then G f is estimated as a lead–lag unit accounting for
process and disturbance dynamics, Gp and Gd, respectively. A lead–lag unit is used to estimate the
dynamics of the disturbances and process and their effect on the control action. Attempting to use the
transfer functions outlined in Table 1 leads to a physically unrealizable controller:

G f = −
K f (τ1s + 1)
(τ2s + 1)

. (7)

K f , τ1, and τ2 are adjustable parameters in Equation (7). The adjustable parameters were tuned
using the steps outlined in Seborg et al. [4]. Due to the dynamics in this system, offset is not a concern
and K f was adjusted until a reasonable control response was achieved. The optimal value used for K f
in this work was determined to be 0.35. τ1 and τ2 were set to zero while a trial and error approach
was used to establish an appropriate value for K f . The controlled variable responds faster to the
manipulated variable in this system due to its location upstream of the disturbance variable, so the
heuristic approach of τ1/τ2 = 0.5 was used to set an initial value for these two parameters. τ1 and τ2

were then slightly fine tuned to .01 and .025, respectively, as the disturbance value was adjusted to
establish the controller so that it would minimize large disturbances effectively. The controller action,
Pf f , is then defined as G f multiplied by the disturbance in inlet chlorine concentration, Dc:

Pf f = −
K f (τ1s + 1)
(τ2s + 1)

Dc. (8)

The NMPC control law in Equations (2)–(8) is a multi-variable, proportional control law utilizing
a receding horizon approach and a dynamic process model. It is based on predicted error generated by
the optimization/scheduling layer shown in Figure 6. The controller tuning parameters are shown in
Table 2. To ensure that the slowest dynamics in the system were adequately compensated for, this study
used the settling time (ts) of the demand chlorine concentration control response. It was determined to
be 13 h. Heuristics outlined in Seborg et al. were then used to determine values for the control (M) and
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prediction (P) horizons in Equation (9) [4]. All outputs are weighted equally, so the diagonal elements
(qii) of the output weighting matrix (Q) are assigned a value of unity:

ts
4t

3
< M <

ts
4t

2
,

P =
ts

4t
+ M.

(9)

Table 2. MPC model parameters (MPC: model predictive control).

Parameter Value Units

M 5 h
P 24 h
qii 1
4uc

lb 0 L/h
4uc

ub 3.79 L/h
4uv

lb 0 L/h
4uv

ub 113, 562 L/h
Kc

c −0.35 mg/L2

Kv
c 15 h

3. Results

3.1. Averaging Level Control

The storage tanks in water systems are operated as surge tanks to not only damp out oscillations in
the inlet stream, but to provide a constant and predictable pressure to customers. Where downstream
flow rates change gradually, water levels can be maintained within specified upper and lower limits,
and steady-state mass balances can be satisfied at all times, averaging level control is appropriate and
is often employed successfully when conditions warrant [4,21].

Using averaging level control in this system contributes greatly to the systems’ ability, guided
by robust control and optimization, to minimize large disturbances. Figure 9 shows the results of
averaging level control on the model system, giving the controller flexibility to hold inventory when
predictions require it.
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Figure 9. Average level control of tank holdup. Red dotted lines represent upper and lower constraints
on tank holdup.

The NMPC controller described in the previous section was implemented using GAMS and the
MATLAB Simulink environment. GAMS performed the optimization and scheduling of pumping
action based on the system model. The remainder of this section is dedicated to presenting the results
of this work.

3.2. Closed Loop Controller Response

Figure 10 shows the control action affecting tank water holdup under large disturbances.
The controller provides an immediate and accurate response to a large demand load on the system
beginning at hour eight and continuing to hour fifteen. Although there is approximately one hour of
delay in the system’s reaction to the demand, the effect of the large demand on the CV is minimal and
the critical tank holdup is maintained. The input curve at the top of Figure 10 shows two large control
actions: (1) scheduled pumping during non-peak hours(night) that was completed to avoid pumping
during the peak hours of the day and (2) un-scheduled pumping during peak hours due to closed-loop
control attempting to maintain the system within constraints during a large disturbance event. When
compared to closed-loop proportional control under the same conditions, MPC is the clear choice to
ensure the effect of disturbances is minimized. Figure 10 shows the proportional controller recovering
the system to the set point, but the response is delayed for approximately eight hours and it allows
the tank holdup level to decrease well below the lower constraint of 1.42× 106 L. The military’s need
for aggressive adherence to the lower constraint on tank holdup for resiliency purposes means that
regulatory control alone is insufficient.

Figure 9. Average level control of tank holdup. Red dotted lines represent upper and lower constraints
on tank holdup.
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The NMPC controller described in the previous section was implemented using the General
Algebraic Modeling System (GAMS) and the MATLAB Simulink environment. GAMS performed the
optimization and scheduling of pumping action based on the system model. The remainder of this
section is dedicated to presenting the results of this work.

3.2. Closed Loop Controller Response

Figure 10 shows the control action affecting tank water holdup under large disturbances.
The controller provides an immediate and accurate response to a large demand load on the system
beginning at hour eight and continuing to hour fifteen. Although there is approximately one hour of
delay in the system’s reaction to the demand, the effect of the large demand on the CV is minimal
and the critical tank holdup is maintained. The input curve at the top of Figure 10 shows two large
control actions: (1) scheduled pumping during non-peak hours (night) that was completed to avoid
pumping during the peak hours of the day and (2) un-scheduled pumping during peak hours due to
closed-loop control attempting to maintain the system within constraints during a large disturbance
event. When compared to closed-loop proportional control under the same conditions, MPC is the clear
choice to ensure the effect of disturbances is minimized. Figure 10 shows the proportional controller
recovering the system to the set point, but the response is delayed for approximately eight hours and it
allows the tank holdup level to decrease well below the lower constraint of 1.42× 106 L. The military’s
need for aggressive adherence to the lower constraint on tank holdup for resiliency purposes means
that regulatory control alone is insufficient.
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Figure 10. Controller action to minimize disturbance on tank holdup. In the bottom plot, MPC is
compared to proportional control on tank holdup under the same conditions.

Large disturbances on inlet concentration pose a unique challenge to military water systems.
Due to the size of water systems, the distance between the inlet and the CV of concern is usually
extensive. Distance and chlorine reaction kinetics combine to create a time delay on the demand
chlorine concentration. If a large disturbance on inlet concentration were to occur currently, the majority
of the water system would be contaminated before the disturbance was detected. Feedforward control
shown in Figure 11 demonstrates an effective solution to large disturbances. Because the disturbance
is recognized immediately by the controller as well as the plant, control action begins to compensate
immediately after the disturbance occurs. The CV continues to decrease for at least two hours after
compensation due to the system time delay, but the CV remains well within constraints. Conversely,
the CV decreases below the lower chlorine concentration constraint when model based control with
feedforward action is not employed. Without feedforward control, the system time delay dominates,
ensures that the concentration descends below the lower constraint, and spends at least twelve hours
re-establishing the steady state.

While conserving water and electricity are motivations for this work, reducing costs to the military
while maintaining resiliency receive priority when inefficiencies are concerned.
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Large disturbances on inlet concentration pose a unique challenge to military water systems.
Due to the size of water systems, the distance between the inlet and the CV of concern is usually
extensive. Distance and chlorine reaction kinetics combine to create a time delay on the demand
chlorine concentration. If a large disturbance on inlet concentration were to occur currently, the majority
of the water system would be contaminated before the disturbance was detected. Feedforward control
shown in Figure 11 demonstrates an effective solution to large disturbances. Because the disturbance
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is recognized immediately by the controller as well as the plant, control action begins to compensate
immediately after the disturbance occurs. The CV continues to decrease for at least two hours after
compensation due to the system time delay, but the CV remains well within constraints. Conversely,
the CV decreases below the lower chlorine concentration constraint when model based control with
feedforward action is not employed. Without feedforward control, the system time delay dominates,
ensures that the concentration descends below the lower constraint, and spends at least twelve hours
re-establishing the steady state.

While conserving water and electricity are motivations for this work, reducing costs to the military
while maintaining resiliency receive priority when inefficiencies are concerned.
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Figure 11. Feedforward control response to large disturbances on inlet chlorine concentration and the
effect on demand chlorine concentration.

3.3. Robustness Analysis

Effective control systems are required to adequately counter process disturbances while also
providing satisfactory performance for a wide range of process conditions and a reasonable degree
of model inaccuracy [4]. The ability to control the system under a variety of conditions is known as
robustness. Figures 10–13 shown earlier in this section demonstrate the performance of the control
hierarchy in this work. Analysis was conducted on the control hierarchy to determine if it was effective
beyond the scope of the figures earlier in this section. Figure 14 shows great control system response
in terms of its ability to rapidly and smoothly compensate for a range of unpredicted demand events.
The demand events are arrayed between a normal operation status with no large demand events and a
disturbance to the system of 151,000 L. In all cases, resiliency within the system is shown by a rapid
response and the ability to maintain the tank water level well above the lower safety threshold of
1,400,000 L.

Figure 15 demonstrates, with respect to the controlled variable of demand chlorine concentration,
that the control hierarchy is capable of efficiently handling a wide range of disturbances. Under normal
conditions in this model system, an inlet concentration that ranges from 0.7 mg/L to 1.0 mg/L will
lead to a demand chlorine concentration of approximately 0.5 mg/L. If large disturbances on inlet
chlorine concentration were allowed to persist without compensation, contamination and water waste
will result. Figure 15 shows that the control system will inject chlorine to adequately compensate
for substantial losses in inlet chlorine ranging from 0 mg/liter to 0.4 mg/L. Each disturbance is
smoothly compensated for and the overall result is the entire model water system maintaining a
chlorine concentration above the minimum safe level of 0.2 mg/L.
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3.3. Robustness Analysis

Effective control systems are required to adequately counter process disturbances while also
providing satisfactory performance for a wide range of process conditions and a reasonable degree
of model inaccuracy [4]. The ability to control the system under a variety of conditions is known as
robustness. Figures 10–13 shown earlier in this section demonstrate the performance of the control
hierarchy in this work. Analysis was conducted on the control hierarchy to determine if it was effective
beyond the scope of the figures earlier in this section. Figure 14 shows great control system response
in terms of its ability to rapidly and smoothly compensate for a range of unpredicted demand events.
The demand events are arrayed between a normal operation status with no large demand events and a
disturbance to the system of 151,000 L. In all cases, resiliency within the system is shown by a rapid
response and the ability to maintain the tank water level well above the lower safety threshold of
1,400,000 L.

Figure 15 demonstrates, with respect to the controlled variable of demand chlorine concentration,
that the control hierarchy is capable of efficiently handling a wide range of disturbances. Under normal
conditions in this model system, an inlet concentration that ranges from 0.7 mg/L to 1.0 mg/L will
lead to a demand chlorine concentration of approximately 0.5 mg/L. If large disturbances on inlet
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chlorine concentration were allowed to persist without compensation, contamination and water waste
will result. Figure 15 shows that the control system will inject chlorine to adequately compensate
for substantial losses in inlet chlorine ranging from 0 mg/liter to 0.4 mg/L. Each disturbance is
smoothly compensated for and the overall result is the entire model water system maintaining a
chlorine concentration above the minimum safe level of 0.2 mg/L.
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Figure 13. Cost of pumping over a 24 h period when proportional control and model predictive control
are employed on the water system.
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Figure 15. Controller response to a range of inlet chlorine concentration disturbances to ensure
downstream demand chlorine concentration remains above the safe limit of 0.2 mg/L.

4. Discussion

Since the majority of the cost of providing potable water to installations is related to pumping
water to fill tanks, it follows that any efforts to minimize cost should begin there. As shown in Figure 12,
the MPC framework outlined earlier in this paper attempts to pump in a pattern that avoids the more
expensive times of the day based on day ahead electricity pricing. Figure 12 shows the action of MPC
with and without large disturbances present. Without disturbances, the controller will ensure that
pumping is accomplished in the most inexpensive manner possible and will only pump during the
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unfavorable hours of the day if it needs to in order to maintain critical system constraints. Safety and
resiliency are prioritized by the controller. Regulatory control alone will also effectively manage
tank holdup in the absence of disturbances, but does not discriminate against higher prices in the
afternoon, leading to excessive cost. Because of its predictive nature, MPC has the effect of having
water inventory on hand when large disturbances occur that allow it to respond in a more efficient
and inexpensive manner. Regulatory control alone with no predictive capability is at a disadvantage
and does not perform as well because it did not store an additional amount of inventory during the
more inexpensive times of the day. Figure 13 shows the cost comparison of regulatory control and
MPC with no disturbances present. A 12% decrease in cost is realized when MPC is implemented.
This decrease is realized because the controller manipulates the pumping action based on the cost of
electricity and regulatory control does not.

5. Conclusions

In conclusion, large disturbances within military water systems can be adequately controlled
using nonlinear model predictive control. Due to distance, time delays, time scales, and reaction
kinetics, multiple types of control (feedback, feedforward, etc.) should be employed in the regulatory
layer to compensate for disturbances effectively while maintaining constraints for safety and resiliency.
Water system modeling is hindered by the existence of different time scales of phenomena within the
system. The solution of this controller follows the process control hierarchical structure in Figure 3,
employing the regulatory control layer to manage the fast dynamics of the system while the supervisory
controller developed in this paper effectively managed the slow dynamics [22]. The NMPC framework
outlined lowers costs and reduces waste, while improving resiliency and safety.
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