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Abstract Nutrient monitoring is very important for the

area of food–energy–water nexus. The sensor network for

nutrient monitoring requires dynamic sensing where the

positions of the sensors change with time. In this work, we

have proposed a methodology to optimize a dynamic sen-

sor network which can address the spatiotemporal aspect of

nutrient movement in a watershed. This is a first paper in

the series where an algorithmic and methodological

framework for spatiotemporal sensor placement problem is

proposed. Dynamic sensing is widely used in wireless

sensors, and the current approaches to solving this problem

are data intensive. This is the first time we are introducing a

stochastic optimization approach to dynamic sensing which

is efficient. This framework is based on a novel stochastic

optimization algorithm called Better Optimization of

Nonlinear Uncertain Systems (BONUS). A small case

study of the dynamic sensor placement problem is pre-

sented to illustrate the approach. In the second paper of this

series, we will present a detailed case study of nutrient

monitoring in a watershed.

Introduction

INFEWS is a new initiative in NSF which deals with

Innovations at the Nexus of the Food, Energy and Waters

Systems. This work is related to this new initiative. The

food production system generates waste streams that are

characterized by high concentrations of organic matter and

nitrogen- and phosphorus-containing species in water.

Therefore, monitoring nitrogen and phosphorous species is

important for water quality requirements for agricultural as

well as energy production. Currently, these species are

monitored via stationary monitoring stations. However,

nitrogen and phosphorous species move via agricultural

runoff to other water systems and require portable sensors

which can change the positions in real time. This type of

dynamic sensing requires novel algorithms which decide

sensor locations in real time in the face of inherent

uncertainties in the fate and transport of the species. The

objective of this work is to develop such an algorithmic

framework to solve the problem of sensor placement in real

time.

Although the concept of dynamic sensor placement is

simple, the problem needs critical theoretical developments

related to spatial–temporal sensor placement and monitoring

of nutrients in water bodies. This is the first paper in the

series, and the objective of the current work is to (1) develop

methodology for real-time spatial–temporal sensor place-

ment, (2) develop an algorithmic framework for dynamic

placement in the face of uncertainties and (3) test the

methodology and approach for a small-scale illustrative case

study for spatiotemporal sensor placement for a stochastic

dynamic system. The work will then be extended to a real-

world watershed and real-time nutrient monitoring.

Literature survey

The nutrients monitoring problem is related to fate and

transport of the species. Therefore, the first subsection is

devoted to nutrient fate and transport models and uncer-

tainties associated with these models. The sensor place-

ment for nutrients monitoring problem derives criteria and
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methods from two types of sensor placement problems.

First, the problem is similar to the problem of sensor

placement in a chemical plant or drinking water network

where sensors are used to monitor various emissions and

contaminants. Therefore, the first part of the literature

review is concentrated on sensor placement in chemical

processes and drinking water sensor networks. Most of

these problems are handled as steady-state problems with

one-time solutions. However, this problem is one where

real-time locations of sensors can be changed. Hence, the

last part of the literature review is related to dynamic

sensor placement problems which are common in object

tracking literature. The formulation of nutrient monitoring

as a real-time stochastic optimization problem is presented

after this literature review which includes the novel algo-

rithmic framework.

Nutrient fate and transport models

Unlike point source pollution, nutrient fluxes from agri-

cultural land are difficult to measure and control because

first, they are heterogeneously distributed and derive from a

variety of diffuse sources, and second, they may occur

randomly and intermittently (Chen et al. 2014). Further-

more, transport processes are complex since they are

controlled by a variety of natural and anthropogenic driv-

ing forces, such as hydrology, climate, geology, soil

characteristic and land use (Shen et al. 2013). Despite the

uncertainty related to model predictions, a process-based

modeling approach is necessary to simulate nutrient fate

and transport at the catchment scale and to support water

managers and decision makers. Process-based models

consist of a complete representation of the environmental

system, which combines hydrological, soil and nutrient

processes. These models can calculate a long time series of

relevant physical quantities (e.g., nutrient fluxes) with

variable spatial distributions (Hunter and Walton 2008).

Numerous process-based models are available to predict

nutrients dynamics in agricultural catchments and water

bodies, such as Innings (Pease et al. 2010; Shen et al.

2012), GWLF (Generalized Watershed Loading Function)

(Niraula et al. 2013; Volf et al. 2013), HSPF (Shen et al.

2012; Hunter and Walton 2008; Nasr et al. 2007), SWAT

(Soil and Water Assessment Tool) (Shen et al. 2012;

Panagopoulos et al. 2011; Chen et al. 2014), SWIM (Soil

and Water Integrated Model) (Krysanova and Haberlandt

2002; Huang et al. 2009; Hesse et al. 2008) and

ANSWERS (Areal Non-point Source Watershed Environ-

mental Response Simulation) (Shen et al. 2012). Depend-

ing on the specific areas of interest, models from this list

are selected for the analysis. These models then form the

basis for evaluating and optimizing the sensor placement.

For the purpose of this work, we have chosen three case

studies from the fate and transport modeling literature to

illustrate the concepts. These case studies include ones

from an agricultural watershed (Yuan et al. 2003), the

Mississippi Delta MSEA (Yuan et al. 2001), and Georgia

Coastal Plain watersheds (Suttles et al. 2003) from the

USA. These case studies are selected based on the avail-

ability of data in the literature.

Stationary optimal sensor placement

In the past three decades, there have been a number of

contributions defining several measures of sensor location

for state estimation in process plants using stationary sen-

sor placement. When the sensor location is fixed, the

optimality criterion for the parameter identification is based

on scalar measures of the Fisher information (Wouwer

et al. 2000; Alonso et al. 2004; Qureshi et al. 1980; Bas-

seville et al. 1987) using local sensitivity information. For

the combined problem of determining sensor location and

parameter estimation, optimality criteria based on the error

covariance matrix (Omatu et al. 1978; Kumar and Seinfeld

1978; Harris et al. 1980; Colantuoni and Padmanabhan

1977; Jorgensen et al. 1984; Morari and O’Dowd 1980)

and the observability matrix (or the observability Gramian)

(Romagnoli et al. 1981; Singh and Han 2005) are com-

monly used. In addition, there are contributions that take

into account measurement cost and sensor failure along

with process information. Ali and Narasimhan (1993)

introduced a new concept considering reliability for sensor

placement by using the probability of sensor failure in

addition to observability and measurement redundancy.

Bagajewicz (1997) and Chmielewski et al. (2002) present

techniques related to the minimization of cost, subject to

data reconciliation-related constraints. Muske and Geor-

gakis (2003) present a sensor location technique that trades

off between measurement cost and process information.

However, these techniques are restricted to linear systems.

The approaches in the literature related to nonlinear sys-

tems (Isidori 1995; Hermann and Krener 1977; López and

Alvarez 2004) are derived from the linearization of the

systems and are limited to low-order systems. Recently, we

have developed an approach for an IGCC system based on

nonlinear steady-state models under uncertainty which

provided trade-offs between information and cost (Lee and

Diwekar 2012; Sen et al. 2016).

The stationary problem of optimal sensor placement in

drinking water network received lot of attention after the

9/11 attacks due to the perception of threat of water con-

tamination due to terrorist attack (Tryby et al. 2002; Berry

et al. 2005; Janke et al. 2006; Shastri and Diwekar 2006;

Rico-Ramirez et al. 2007; Preis and Ostfeld 2008; Afshar

and Marino 2012; Klise et al. 2013; Mukherjee et al. 2017).

This water contamination problem is similar to the process
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plant sensor network problem, except the objective func-

tion is slightly different and includes effects of people

affected by contamination. Most of the approaches to these

problems are deterministic except the approach proposed

by author’s group.

Dynamic sensor placement

The dynamic sensor placement field has had many recent

advancements. A large number of wireless sensors are

involved in monitoring dynamic objects. This has resulted

in the requirement of dynamic object tracking sensor net-

works, which are mobile, and adaptable to the changing

location of the moving objects. Dynamic object tracking

sensor networks can be used for a variety of purposes

including environmental monitoring and military intrusion

detection. The nodes comprise of sensor and equipment to

communicate data to other nodes and a remote user. The

goal of the optimal sensor placement for mobile sensor

network to track dynamic objects is to optimally locate a

limited number of sensors in a given geographical region

and make the sensors adaptive for tracking dynamic

objects. This ensures maximum data acquisition from the

objects in real time. Different methodologies are applied

for optimal placement of dynamic sensor. These include

maximization of the determinant of the Fisher information

matrix (Martı́nez and Bullo 2006) and the maximization of

a posteriori distribution (Guo et al. 2008). For the adaptive

sensor placement, the motion of the sensors has to be

coordinated for optimal deployment. There are two basic

methods in which sensors coordinate with each other: a

centralized scheme and a decentralized scheme. In a cen-

tralized scheme, it is necessary to know all the other sensor

positions in the network at each time step (Martı́nez and

Bullo 2006). In a decentralized scheme, only a part of the

sensors communicates with their neighbors.

Coles et al. (2009) have used the grazing strategy of

herbivorous animals to develop a mobile source network

(MSN) algorithm based on the Bayesian network model to

track a dynamic system. Tsai et al. (2007) have defined a

source that chases the targeted object, where the sensors

cooperate with each other and shorten the route between

target and source dynamically. Tseng et al. (2004) pro-

posed a dynamic sensor protocol based on a mobile agent

which will be initiated once a new object is detected. The

mobile agent will then choose and stay in a sensor which is

closest to the tracked object. The agent invites nearby

sensors to track the position of the object and prevents

irrelevant sensors to track object. Guo et al. (2008) pro-

posed a recursive method, where the sensor positions are

updated based on observation of the object distribution.

The distribution of the objects is estimated with Gaussian

mixture model that divides the objects into clusters. The

object locations from the past are used for model parameter

estimation (parameters that define the clusters) using the

maximum likelihood method. Once the statistical parame-

ters of each cluster are known, the sensors are moved to the

center of the clusters using an expectation–maximization

algorithm. Many of these approaches presented in the lit-

erature for dynamic sensors, like Bayesian network models,

are data intensive and hence are not suitable for our pur-

pose. Further, most of these approaches are used for linear

systems. In this work, we are using a new approach based

on stochastic optimization with observability as a proba-

bilistic objective function. A real-time optimization

framework is used to define portable sensor locations at

each time interval by considering the movement of nutri-

ents in water bodies. Portable sensors are available for

nitrogen commercially, and phosphorous sensors are

beginning to appear in the literature (Horsburgh et al. 2010;

Gillies 2014). Therefore, this is a timely approach.

Real-time sensor placement: a stochastic
optimization problem

In the sensor placement problem, the objective is to

determine the optimal locations for a network of sensors

such that when combined with a comprehensive system

model, the variability of the unmeasured variables can be

minimized, thus maximizing observability. We can mea-

sure observability in terms of Fisher information a proba-

bilistic function. As the problem involves probabilistic

objective function and uncertainties, the problem can be

classified as a stochastic optimization problem. Since we

are determining spatiotemporal positions of the sensors,

this is also a real-time optimization solved for each time

period. Cost values of sensors are linked to the perfor-

mance and error characteristics of sensors, and further,

virtual sensing (model based) has its own error character-

istic. In the absence of a hardware sensor, this character-

istic is used along with fate and transport models (virtual

sensing). If no cost data are available, then we can limit the

maximum number of sensors. The problem for each time

period is then formulated as:

max
Yi

Pn

i¼1

FIiYi

Subject to:
Pn

i¼1

CiYi �B or n� nmax

and

Nutrient fate and transport models

Weather and model uncertainties

ð1Þ

where n is the number of sensors, FIi (i = 1, 2,…, n) is the

Fisher information for process variable, Ci is the cost of

placing sensor i on-line, nmax is the maximum number of
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sensors allowed and B is the total sensor budget. Yi rep-

resents the binary variable. By determining the spa-

tiotemporal placement of sensors over all measurable

process variables by using objectives like Fisher informa-

tion and cost as metrics for optimization, the overall

number of sensors can be reduced, thereby producing an

effective and efficient spatial–temporal sensor network.

This is a stochastic mixed integer nonlinear programming

optimization problem. For the maximum sensors con-

straint, we can convert this problem into stochastic non-

linear programming problem using x and y coordinates of

the sensor positions as given as follows:

max
xi;yi

Pn

i¼1

FIi xi; yið Þ
Subject to: n� nmax

and

Nutrient fate and transport models

Weather and model uncertainties

ð2Þ

The stochastic nonlinear optimization problem is also a

dynamic problem where sensor targets are mobile. There-

fore, this problem needs to be solved for each time horizon.

This makes the problem, for which a real-time solution is

desired, computationally intensive.

The efficient stochastic optimization framework

The aim of an optimization problem is to calculate the

value of the decision variable that optimizes the objective

function within the given constraints. Stochastic opti-

mization is a type of an optimization which deals with

uncertainties. The objective function in a stochastic opti-

mization problem is expressed in terms of some proba-

bilistic representation (e.g., expected value, variance,

fractiles, most likely values). Along with the decision

variables, it also has uncertain variables or parameters. A

generalized stochastic optimization problem (Diwekar

2008) can then be viewed as:

OptimizeP1 x; uð Þ
subject toP2 h x; uð Þð Þ ¼ 0

P3 g x; uð Þ� 0ð Þ�1
ð3Þ

where u is the vector of uncertain parameters and P repre-

sents the cumulative distribution functional such as the

expected value, mode, variance or fractiles. In our problem,

we use the expected value of the objective function.

Stochastic optimization problems can be further classi-

fied as stochastic linear programming, stochastic nonlinear

programming and stochastic mixed integer linear and

nonlinear programming problems. Our problem is a

stochastic nonlinear programming problem.

A generalized way of solving stochastic nonlinear pro-

gramming problems is to use sampling-based methods. A

sampling loop can be embedded within the optimization

model to capture the uncertainty for the decision variables

as shown in Fig. 1. This can be computationally expensive

as the model will have to rerun for each sampling point.

General techniques for these types of optimization

problems (Fig. 1) determine a statistical representation of

the objective, such as maximum expected value or mini-

mum variance using the sampling loop. For each opti-

mization iteration, where decision variables are

determined, a sample set based on these decision variables

is generated, the model is evaluated for each of these

sample points, and the value of the probabilistic objective

and constraints is evaluated. For nonlinear programming

problems, the needed derivative information is also cal-

culated by perturbing each decision variables and running

the sampling loop for each perturbation. The sheer number

of model evaluations rises significantly causing this

method ineffective for even moderately complex models.

Better Optimization of Nonlinear Uncertain System

(BONUS) algorithm was developed by Sahin and Diwekar

(2004). BONUS works in probabilistic space. In BONUS,

the inner sampling loop with model runs (Fig. 1) is only

used for the first iteration where decision variables are

assumed to have uniform distributions (between upper and

lower bounds). These uniform distributions together with

specified probability distributions of uncertain variables

form the base distributions for analysis. BONUS samples

the solution space of the objective function only at the

beginning of the analysis by using the base distributions.

As the optimization proceeds, the decision variables are

determined by the optimizer. As decision variables change,

the underlying distributions for the objective function and

constraints change, and the proposed algorithm estimates

Fig. 1 Pictorial representation of stochastic optimization problem.

Reproduced from Diwekar and David (2015)
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the objective function and constraints values based on the

ratios of the probabilities for the current and the base dis-

tributions (a reweighting scheme, Fig. 2), which are

approximated using kernel density estimation techniques to

obtain smooth distributions for derivative calculations. For

more details, please refer to Diwekar and David (2015).

Thus, BONUS avoids sample model runs in subsequent

iterations. The model involved in BONUS algorithm can be

a black box.

In BONUS, the derivative information required for

stochastic nonlinear programming problems is also evalu-

ated using reweighting schemes, thus avoiding sample

model runs for derivative calculations. To improve com-

putational efficiency further, we use the efficient Ham-

mersley sequence sampling (HSS) (Kalagnanam and

Diwekar 1997; Diwekar and Kalagnanam 1997; Diwekar

and Ulas 2007) for the initial base distributions.

Optimizing spatiotemporal sensors placement:
a small case study

The commonly used example for dynamic sensing is the

problem of pastoral land use. Agent-based modeling and

simulation of pastoral land-use system have been studied

for some time, especially to understand the degradation of

the ecosystem and for sustainable and efficient land-use

management. Dumont and Hill (2004) have created a

spatially explicit model for the grazing behaviors of her-

bivores in a heterogeneous environment using agent-based

models (ABMs). They have used the model to demonstrate

animals’ spatial interactions and social behavior. Their

model has shown unexpected cumulative effects of indi-

vidual interactions that are impossible to formulate ana-

lytically. Kuckertz et al. (2011) have developed a model for

the management of land use in northwestern Namibia to

predict the impact of decisions on the ecosystem dynamics

in the region. In their work, the consequence of human

behavior in the ecosystem has been studied. McLane et al.

(2011) had written a review article on the use of agent-

based modeling to study conservation of habitats of wild-

life species at risk, especially how species respond to future

developmental changes in their environment. In all the

articles, it is mentioned that ABM is a quintessential tool to

model the dynamic behavior of the species especially on

changing environment. In the present work, we have used a

simple ABM to simulate the pastoral behaviors of cows.

The goal is to simulate their spatiotemporal dynamics and

use our dynamic sensor placement theory to capture the

dynamics. Details of the model developed are given below.

Agent-based modeling of pastoral behavior of cows

The pastoral behavior of grazing animals is performed with

agent-based modeling using NetLogo software tool

(Wilensky 1999). NetLogo simulates a collective group of

entities to be evolved in time. The simulation is performed

in time interval of equal length. The modeling is done with

identification of the entities, which in the present case cows

and grass and then defining the behavior of each species

across each time interval. Here, the model is centered

around entities that are also known as agents. In NetLogo,

three different types of entities are involved:

• The environment

• The mobile agent, i.e., cow

• The links between the mobile agents.

The environment in the present case is the rectangular

pastoral space modeled in the form of n� n square grid

also known as patches as shown in Fig. 3. The whole

environment is divided into two regions with grass

(quadrant I and III) and two other without grass (quadrant

II and IV). The mobile agents or the cows are set to move

Fig. 2 Pictorial representation

of reweighting in BONUS

algorithm
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within the environment. In the present model, no links have

been created between the mobile agents.

Initially, the region with grass is covered with green

patches and that without grass is covered with black

patches. The location of the cows is uniformly distributed

in the two-dimensional matrix within the entire environ-

ment by generating random numbers using Hammersley

sequence sampling (HSS) (Diwekar and Kalagnanam

1997). This will ensure a distribution with two-dimen-

sional uniformity. Each cow (agent) is given a random but

limited energy to move around freely within the pasture

land. An agent can move randomly in left or right and by

any degrees. The mobile agent only moves when there is

no grass available in front of it, i.e., located in black

patches without grass. Movement of the mobile agents

will decrease its energy. The agents eat on grass in the

green pasture. With eating grass, energy of the agent goes

up. Once the agent eats up the grass, it forms a black

patch and the agent has to move to a new location in

search of grass and new grass will eventually grow in that

location.

There is a specific agent known as observer that exists

outside the model. The observer creates all the entities

within the model and also monitors and controls execution

of the agent-based model. The execution is controlled by

the following rules; rate of destruction of grass pasture due

to consumption by cows is assumed to be double that of

their growth; the gain of energy due to eating a 1 9 1 patch

of grass is twice that of moving a unit step by the cows.

Through NetLogo, we can get a useful functionality for the

manipulation of agent-based models which allows us to

give instructions to all the agents in the group at the same

time. Thus, a collective control of behavior of all the cows

is possible.

In our simulation, we have used square 40 9 40 pat-

ches. Each patch is square grid which has a corresponding

position within the two-dimensional space. The central

location is (0, 0) and extended from -20 to ?20 in each

coordinate (x, y). The two green pastures range from (0, 0)

to (20, 20) and from (0, 0) to (-20, -20) as shown in

Fig. 3. The mobile agents can move within the patches.

The boundaries are considered as periodic, i.e., grids are

assumed to vertically and horizontally continuous. In this

model, all patches are treated as autonomous and inde-

pendent of surrounding patches. The coordinate of each

patch is colored green according to their location within the

green pasture. During simulation, the color of the patch

modified dynamically as the cow eats the grass and sub-

sequently its growth.

Initially, 100 mobile agents (cows) are uniformly dis-

tributed over the pasture from (-20, -20) to (20, 20) as

shown in Fig. 3. The cows are designed to move across the

patches in the entire environment. The cows are assigned

specific attributes and behaviors. Each of the cows is

having their location within the patch. Each cow can view

the environment as well as other cows within the envi-

ronment. When a cow in a patch of grass eats the grass, the

color of the patch changes to black. Upon eating the grass,

the cows are allowed to move forward one step in either

left or right direction chosen randomly. All cows are

considered independent, and there is no link between them.

The problem of optimally placing the sensors on the

field can be formulated as the stochastic optimization

problem because the underlying model is stochastic. The

observability can be calculated here in terms of a number

of cows present in the circle of influence of the sensor. The

circle will widen as the cost of sensors increases. The

problem can be formulated as:

max
xi;yi

Pn

i¼1

EðNcows;i xi;yið ÞÞ

Subject to:n�nmax
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

xi� xj
� �2þ yi� yj

� �2
q

�2r i¼ 1; . . .;n; j¼ 1; . . .; j 6¼ i; ; . . .n

and

The agent - based model

ð4Þ

where E is the expected value and Ncows;i are the number of

cows present in the circle of influence of the sensor with

radius r and with center coordinates xi; yið Þ.
This is the stochastic nonlinear programming problem

which can be solved using our proposed algorithmic

framework based on the BONUS algorithm. The method-

ology is given below.

Fig. 3 Initial random distribution of cows
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A set of Ns (= 4000) samples of sensor locations (x and

y coordinates of sensors) with uniform distribution are

generated using Hammersley sequencing, a low-discrep-

ancy sampling method, to generate the uniform sample

space. This sampling method is chosen over common

Monte Carlo sampling techniques because Hammersley

sequencing provides a more uniform distribution across a

d-dimensional sample space and the number of sample

points necessary to sufficiently cover a d-dimensional

space can be significantly reduced by using the Hammer-

sley sampling technique (Kalagnanam and Diwekar 1997;

Diwekar and Kalagnanam 1997; Diwekar and Ulas 2007).

Then, the model is simulated Ns times (the stochastic

model generates different random numbers for each sam-

ple), this is equivalent to using different samples of

uncertain variables and different locations of sensors, and

intermediate and output variables of interest (Sout) infor-

mation is collected. Real-time information about past

sensing can be added in the sample sets as time progresses.

Since the model is simple, we are only capturing the value

of number of cows in the circle of influence of the sensor.

Figure 2 illustrates the nature of reweighting approach.

On the first iteration, a set of Ns sample points uniformly

distributed across a d-dimensional sample space are used to

perform Ns simulation replications of the model. Let f0 xið Þ
be the probability density function (PDF) associated with

the base input distribution for input variables xi; i ¼
1; 2; . . .Sin (this denotes the x and y coordinates of sensors),

respectively. Following the simulation of the model at base

iteration, let f0 yið Þ and F yið Þ be the base PDF and cumu-

lative distribution function (CDF) associated with the

intermediate and output variables yk; k ¼ 1; 2; . . .Sout,

where yk ¼ h xi; i ¼ 1; 2; . . .Sinð Þ; k ¼ 1; 2; . . .Sout is the

nonlinear transformation from each input variable, xi, to

the output variable yk.

Next, consider when a new input distribution is defined,

such as when a sensor is placed at the location of an input

variable. The redefined distribution ft xið Þ, at optimization

iteration t, is used to create a set of weights for each sample

j.

wt;j xið Þ ¼
ft xi;j
� �

f0 xi; jð Þ ; i ¼ 1; 2; . . .Sin ð5Þ
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Fig. 4 Comparing fixed versus dynamic sensors, one sensor with

radius = 8
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Fig. 5 Comparing fixed versus dynamic sensors, two sensors with

radius = 3
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Fig. 6 Comparing fixed versus dynamic sensors, two sensors with

radius = 6
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Fig. 7 Comparing fixed versus dynamic sensors, four sensors with

radius = 3
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The weights are then normalized for all samples

Wt;j xið Þ ¼
ft xi;j
� �

f0 xi; jð Þ

,
XNs

j¼1

ft xi;j
� �

f0 xi; jð Þ; i ¼ 1; 2; . . .Sin ð6Þ

This gives the likelihood ratio between the redefined and

base distributions. These weights are then used to calculate

the PDF of the output variable.

ft;j ykð Þ ¼ f0;j ykð Þ
YSin

i¼1

ðWt;j xið ÞÞ; k ¼ 1; 2; . . .; Sout ð7Þ

The expected value of the output variable then can be

calculated from this PDF.

In this problem, the input variables are the x, y coordi-

nates of sensors at different locations. There are no

Fig. 8 Cows and sensor distribution at time t = 0.1, two random instances (two samples)

Fig. 9 Cows and sensor distribution at time t = 9.1, two random instances (two samples)
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intermediate variables, and the output variable is the value

of objective function.

Results and discussion

In this case study of optimizing spatial and temporal

positions of sensors in real time, we have considered a

simplified objective function as expected value of cows

measured in the circle of influence of sensors. We con-

sidered one, two and four sensors with different radii for

circle of influence. The circle is wider if the sensor is

stronger and costlier. Figures 4, 5, 6 and 7 show the

comparison of optimal objective function value obtained

when dynamic sensing which is changing with time versus

fixed sensors. As expected, as the radius increases, the

objective function is larger, and same is true for the number

of sensors. However, two times increase in radius gives

Fig. 10 Cows and sensor distribution at two instances of time (t = 0.1 and t = 1.1)

Fig. 11 Cows and sensor distribution at two instances of time (t = 1.1 and t = 9.1)
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better results than two times increase in sensors. The fixed

sensors always give lower value of the objective function.

The difference between the two kinds of sensing is larger

for larger values of objective functions. In Fig. 7, we have

also added random sensor placement for radius = 3; the

optimum always does better than random sensor

placement.

Since this is the stochastic model, we have shown in

Figs. 8 and 9 results of two different experiments (or

samples) for the same time instance in simulation. Figure 8

shows the two different experiments and sensor positions

given by circles at time t = 0.1 and Fig. 9 shows at time

t = 9.1. The two sensors positions are suitable for both the

experiments as seen from the two figures; this is because

we are using stochastic optimization and expected value of

the objective function for maximization and not just

deterministic optimization.

Figures 10 and 11 show sensor distributions at various

time stages in the simulation. It can be seen that initially

when the cows are distributed uniformly, the sensors are

also distributed. The sensor positions change significantly

as the cows start to move toward grass and in the time

instance of 9.1 more cows are on the grass than before, so

the sensors are located closer to that. We have also plotted

sensor positions for two sensors with different radii and

four sensors case in Figs. 12, 13 and 14. Figure 12 shows

the two sensors case with radius equal to 3, the sensors here

are more distributed in all quadrants than sensors for radius

equal to 6 because even if there are a small number of cows

in the two quadrants II and IV, the sensor radius is small, so

it can measure small number of cows which are located in

those regions. We see that for radius equal to 6 and for four

sensors, the sensors are located nearer or in the quadrants I

and III where the grass is and the likelihood of more cows

is.

In this case study, we have used the agent-based model

for this case study as a black box and the base case is run

off-line for 4000 sample runs. The optimization runs using

BONUS can be used for real-time optimization because

each run on an average takes 27.5 ms CPU time to run. The

nutrient movement simulation models are computationally

intensive and can be studied as black box models. How-

ever, similar to the present case study, we can run the base

case off-line through the use of BONUS algorithm for

optimal placement of dynamic sensor. The computational

cost of the BONUS algorithm is expected to be between 25

and 50 ms of CPU time on PC machine. The hardware used

in this work is a PC with a 64-bit Intel i7-6560U CPU @

2.20 GHZ processor. Therefore, the algorithm can be used

real time as frequently as required.

Fig. 12 Sensor positions at different times, two sensors radius = 3

Fig. 13 Sensor positions at different times, two sensors radius = 6

Fig. 14 Sensor positions at

different times, four sensors

radius = 3
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Conclusions

Dynamic sensing with portable low-cost sensors is a new

area for nutrient monitoring which shows promise for the

food–water–energy nexus. This paper provides for the first

time a methodological and algorithmic framework for such

an endeavor. The work presents a real-time stochastic

optimization framework based on BONUS algorithm.

BONUS algorithm circumvents the need for sampling at

each iteration of optimization algorithm. This algorithmic

framework can be used for black box models like the ones

encountered in nutrient monitoring. A small case study

based on an agent-based black box modeling framework

for real-time object tracking by changing spatiotemporal

positions of sensors is presented to illustrate the method-

ology and framework. The computational efficiency of the

framework allows it to be used in real time as frequently as

needed. In the follow-up work, we will be presenting a case

study of nutrient monitoring for a specific watershed. This

real-time sensor placement problem will allow for the first

time to study spatiotemporal aspect of pollution which a

constant monitoring station does not provide. Recently, US

government approved regulations for the use of commer-

cial drones. Commercial drones can be used for air pollu-

tion monitoring in the same way as portable sensors in

water bodies so theories and framework developed in this

project will be useful for drone-based monitoring.

Acknowledgements This work was funded by the National Science

Foundation under the Grant # CBET 1619523. We also want to thank

Kinnar Sen for initial NetLogo simulations.

References

Afshar A, Marino MA (2012) Multi-objective coverage-based ACO

model for quality monitoring in large water networks. Water

Resour Manag 26:2159

Ali Y, Narasimhan S (1993) Sensor network design for maximizing

reliability of linear processes. AIChE J 39:821

Alonso AA, Kevrekidis IG, Banga JR, Frouzakis CE (2004) Optimal

sensor location and reduced order observer design for distributed

process system. Comput Chem Eng 28:27

Bagajewicz MJ (1997) Design and retrofit of sensor networks in

process plants. AIChE J 43:2300

Basseville M, Benveniste A, Moustakides GV, Rougee A (1987)

Optimal sensor location for detecting changes in dynamical

behavior. IEEE Trans Autom Control 23:1067

Berry J, Fleischer L, Hart W, Philips C, Watson J (2005) Sensor

placement in municipal water networks. J Water Resour Plan

Manag 131(3):237–243

Chen Y, Shuai J, Zhang Z, Shi P, Tao F (2014) Simulating the impact

of watershed management for surface water quality protection: a

case study on reducing inorganic nitrogen load at a watershed

scale. Ecol Eng 62:61–70

Chmielewski DJ, Palmer T, Manousiouthakis V (2002) On the theory

of optimal sensor placement. AIChE J 48(5):1001–1012

Colantuoni G, Padmanabhan L (1977) Optimal sensor location for

tubular-flow reactor systems. Chem Eng Sci 32:1035

Coles MD, Azzi D, Haynes BP, Hewitt A (2009) A Bayesian network

approach to a biologically inspired motion strategy for mobile

wireless sensor networks. Ad Hoc Netw 7(6):1217

Diwekar UM (2008) Introduction to applied optimization, 2nd edn.

Springer, Berlin

Diwekar U, David A (2015) BONUS algorithm for large scale

stochastic nonlinear programming problems. Springer, Berlin

Diwekar UM, Kalagnanam JR (1997) Efficient sampling technique

for optimization under uncertainty. AIChE J 43:440

Diwekar UM, Ulas S (2007) Sampling techniques. Kirk-Othmer

Encyclopedia of Chemical Technology, New York

Dumont B, Hill DR (2004) Spatially explicit models of group

foraging by herbivores: What can agent-based models offer?

Anim Res 53(5):419–428

Gillies J (2014) Real-time phosphorous sensor measurements tested

on new Lake Erie data buoy. Environ Monit. http://www.

fondriest.com/news/lake-erie-buoy-phosphorous-sensor.htm

Guo Z, Zhou M, Jiang G (2008) Adaptive sensor placement and

boundary estimation for monitoring mass objects. IEEE Trans

Syst Man Cybern Part B Cybern 38(1):222–232

Harris TJ, Macgregor JF, Wright JD (1980) Optimal sensor location

with an application to a packed bed tubular reactor. AIChE J

26:910

Hermann R, Krener A (1977) Nonlinear controllability and observ-

ability. IEEE Trans Autom Control 22(5):728–740
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