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Optimal Deployment of Movable Sensors
for Air Quality Monitoring

Saurabh Kumar Maurya'; Hemant Gehlot?; and Sachchida Nand Tripathi®

Abstract: Monitoring air quality is crucial to obtaining health-related information but is challenging due to spatially and temporally varying
pollution levels. This paper addresses the problem of optimally relocating air quality sensors over time to effectively capture these variations,
prioritizing areas with higher pollution concentrations and adhering to constraints on sensor deployment and relocation. Unlike traditional
static sensor deployment methods, our approach dynamically relocates sensors to adapt to changing pollution patterns, providing a more
accurate and efficient monitoring solution. To solve the proposed nonlinear integer programming problem, we developed a genetic algorithm
that efficiently explores the solution space and provides near-optimal solutions within reasonable computation time. We demonstrate that the
proposed method effectively adapts to dynamic pollution patterns through two case studies—a simulated road network and a real-world urban
scenario. Numerical tests show that the proposed algorithm achieves solutions within 0.01% of the optimal value and reduces computation
time by two orders of magnitude compared to enumeration even when only three sensors are deployed. This research provides a framework
for urban planners and environmental agencies to deploy air quality sensors more effectively, enabling better decision making in pollution

monitoring and mitigation. DOI: 10.1061/JITSE4.ISENG-2669. © 2025 American Society of Civil Engineers.

Introduction

Air pollution is one of the most challenging health threats of our
time. Approximately four million people are estimated to have died
in 2019 from problems associated with ambient air pollution
(WHO 2022). Air quality monitoring helps identify areas with poor
air quality and the responsible pollutants. This information is used
to implement air pollution control measures to improve air quality
and, thus, leads to better health outcomes. Various low-cost sensors
have recently gained popularity in air quality monitoring due to their
compact design, low weight, low power and less maintenance re-
quirements than reference monitors (Gao et al. 2015; Castell et al.
2017; Spinelle et al. 2017). Although low-cost sensors exhibit high
variability in measurements due to environmental variations, require
frequent calibration, and lack the precision of more expensive refer-
ence monitors (Nalakurthi et al. 2024), they work well in practice.
They are becoming very popular due to their low cost compared to
the cost of reference monitors (because it is possible to monitor more
locations with such sensors). For an idea of the cost comparison
between sensors and monitors, the cost of an air quality sensor can
be USD 3,000, whereas the cost of a reference monitor can be as
high as USD 122,000 (Times of India 2023; CleanAir 2023). Thus,
deploying sensors at various locations is much more economical.
Alternative methods exist for monitoring ambient pollution, such as
satellite imagery and dispersion modeling, apart from monitoring
through sensors. Satellite imagery and dispersion models are applicable
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for coarse resolutions (>1 — 10 km) and thus cannot provide accurate
concentration values for fine scales (10-500 m) that are useful in iden-
tifying pollution hotspots in urban areas influenced by localized sour-
ces such as traffic (Apte et al. 2017). Predicting concentrations of air
pollutants in urban settings becomes more complex due to structures
such as buildings that can generate different wind environments and
cause changes in the dispersion and flow of pollutants (Yang et al.
2020). Furthermore, satellite imagery measures aerosol optical depth
to obtain pollutants’ concentrations and not the exact values at the
ground level (Li et al. 2011). Thus, satellite imagery may not be able
to accurately capture important pollutants such as black carbon, ultra-
fine particles, and others (Apte et al. 2017). Moreover, dispersion mod-
els are only as reliable as their underlying emission inventories.
Therefore, such models may be unable to detect emissions due to un-
expected sources and thus are not as accurate as is obtaining concen-
tration values through sensors. In addition, dispersion modeling is
usually costly, makes unrealistic assumptions about dispersion patterns
(such as Gaussian dispersion), and requires extensive cross-validation
using monitoring data (Jerrett et al. 2005). Therefore, this paper focuses
on monitoring ambient pollution through sensors.

Most existing studies that focused on deploying low-cost
sensors deployed sensors either arbitrarily or use rules of thumb.
However, budget availability can restrict the number of sensors that
can be deployed (Sun et al. 2019; Ajnoti et al. 2024). Therefore,
optimally deploying sensors under such constraints becomes im-
portant. Some studies focused on optimally deploying sensors
for air quality monitoring. For example, Sun et al. (2019) proposed
an optimization formulation for sensor deployment to maximize the
total satisfaction across different portions in a region, where the
satisfaction of a portion is a decreasing function of the distance
of the portion to the closest deployed sensor. Thus, the parameter
that governs the satisfaction of a portion is the distance of the por-
tion to the closest deployed sensor. This objective function ensures
that all portions of a region have sensors as close as possible while
giving equal importance to different portions. The definition of the
satisfaction function comes from the intuition that humans rely
more on air pollution information from the nearest deployed instru-
ment when multiple monitoring instruments are available in an
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area (Sun et al. 2018). Note that Sun et al. (2019) considered the
constraint on the number of sensors that can be deployed but did not
consider placement-related constraints such as the impracticability of
deploying sensors at some locations (such as open areas, areas near
water bodies, and others) and the requirement of deploying sensors at
important locations (such as industrial areas, congested roads, and
others). Moreover, Sun et al. (2019) considered deploying only one
type of air quality monitoring instrument, although different types of
instruments with varying cost, accuracy, and other features can exist.
Ajnoti et al. (2024) addressed these gaps by proposing an optimiza-
tion formulation that focused on deploying two different types of air
quality monitoring instruments (sensors and reference monitors) to
maximize satisfaction under constraints such as limited budget avail-
ability for deploying monitoring instruments, the requirement of
placing at least one sensor in a given set of portions in a region, the
requirement of not placing any reference monitor in a given set of
portions in a region, and others. Unlike Sun et al. (2019), which only
considered population data, Ajnoti et al. (2024) considered both ambi-
ent pollution levels and population data while deciding the importance
of different portions of the region in the optimization formulation. Stud-
ies such as Sun et al. (2019) and Ajnoti et al. (2024) that focused on the
optimal deployment of sensors do not consider the change in ambient
pollution over time. However, there may be changes in ambient pollu-
tion levels within a day, across days, and other periods, driven by factors
such as traffic patterns, industrial activities, and meteorological condi-
tions (Apte et al. 2017).

Recently, some studies considered deploying vehicles fitted
with sensors to capture spatio-temporal variations in pollution
(Hagemann et al. 2014; Apte et al. 2017). Movable sensors can cap-
ture spatial and temporal variability in pollutant concentrations due
to localized sources such as traffic in urban environments, which is
difficult to achieve with stationary sensors (Van Poppel et al. 2013;
Lim et al. 2019; Cummings et al. 2021; Whitehill et al. 2024). For
example, Apte et al. (2017) used vehicles mounted with sensors to
develop a large urban air quality data for an area in Oakland, CA,
with greater spatial precision than possible using fixed monitoring
instruments. Recently, various studies also found that the data ob-
tained from movable sensors can improve the granularity of land-
use regression models used for predicting spatiotemporal variability
of PM, 5 concentrations (Lim et al. 2019; Shi et al. 2016; Deville
Cavellin et al. 2016). In summary, several studies pointed to the
growing importance of using movable sensors compared to sta-
tionary sensors in urban settings where pollutants’ concentrations
can vary significantly over small distances and short periods. We
also provide the following example in favor of movable sensors.
Suppose there are N locations. In the first case, we decide to deploy
stationary sensors, allocate the available budget to buying & sensors,
and deploy them at all times at a fixed set of & locations. In the other
case, we deploy movable sensors, thus dividing the available budget
into buying k’(< k) sensors and keeping the remaining budget for
the relocation of sensors. Suppose there is a location x where we do
not deploy any of the k sensors in the former case (i.e., the stationary
sensors case). Then, directly measuring the concentration value at
location x in this case is not possible, even when the concentration
value becomes very high for some period at this location. In that
case, only methods such as dispersion modeling, interpolation,
satellite imagery, and others could be used to estimate the concen-
tration values at location x. Still, those may not provide accurate
results if the concentration value at location x is significantly dif-
ferent from that at nearby locations and is affected by localized
sources. However, if we deploy movable sensors, the proposed
optimization formulation (to be presented in the next section) will
prioritize deploying sensors at locations such as x during periods
when the concentration value at x is high.
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Since covering all the target locations to capture ambient
pollution levels at a given time might not be possible, and costs
might be attached to the movement or shifting of sensors, optimally
deciding the movement of sensors over time becomes important.
However, the studies previously mentioned that focused on dynami-
cally moving sensors did not optimize sensor movement.

In summary, most studies that deployed low-cost sensors did so
either arbitrarily or used rules of thumb. Moreover, many studies
that considered the deployment of low-cost sensors focused on the
static deployment of sensors. Some studies considered dynamically
deploying sensors to account for changes in ambient pollution over
time but they did not optimally deploy sensors. Thus, no studies
considered the optimal deployment of movable sensors to consider
the change in ambient pollution over time.

Therefore, the contributions of this paper are as follows. We first
develop an optimization formulation for the deployment of mov-
able sensors to consider temporal variations in ambient pollution
to maximize satisfaction across all portions of a region during a
given time duration (sensors that can be relocated from one location
to another location over time are referred to as movable sensors in
this paper; note that the mode used to move a sensor can be any
vehicle, which is not the focus of this paper). The proposed formu-
lation considers constraints on the number of sensors present at
any time for monitoring air pollution and the maximum number
of relocations that can occur in a given duration. To the best of the
authors’ knowledge, this study is the first to focus on optimal re-
locations of air quality monitoring sensors over time while consid-
ering the aforementioned constraints. Note that the constraint on
the maximum number of relocations introduces several other con-
straints for defining sensor relocations in the proposed optimization
formulation. Therefore, the proposed formulation for the dynamic
deployment of sensors in this paper is more challenging than the
corresponding optimization formulation that focuses on the static
deployment of sensors. Second, the proposed optimization problem
is a nonlinear integer program; therefore, we develop a genetic
algorithm (GA) to solve it efficiently. In the proposed GA, we de-
sign crossover and mutation operators to ensure that all the solu-
tions generated from the GA satisfy at least some constraints of
the proposed optimization problem. Thus, the proposed GA
searches for optimal solutions in a reduced space, contributing to
its computational efficiency. Finally, we test the proposed GA to
determine sensor deployment locations over time for two case
studies: (i) sensors are deployed along a road network to focus on
vehicular pollution, and (ii) sensors are deployed for citywide air
pollution monitoring.

The remaining sections of this paper are structured as follows.
The next section presents the developed optimization formulation.
The section after that explains the methodology used to solve the
proposed optimization problem. Next, the results obtained by ap-
plying the developed GA to the case studies previously mentioned
are presented. Finally, practical data collection methods, mana-
gerial insights, limitations, and conclusions are discussed.

Problem Formulation

In this section, we describe the formulation for the optimal deploy-
ment of air quality monitoring sensors. First, the notation used in
this paper is discussed as follows.

We consider a set V = {1, ..., N} consisting of all potential
locations for deployment of sensors in a given area. The loca-
tions in set V should be defined such that they represent the im-
portant locations from the perspective of monitoring air pollution,
e.g., major road intersections and important public places such as
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schools, railway stations, and others. Let 7 be the maximum num-
ber of time-steps for which we focus on deploying sensors in the
given area. Consider that time ¢ € {1, ..., T} progresses in discrete
time-steps, representing the resolution at which sensors can be
moved (or relocated) from one location to another. The length
of a time-step depends on how frequently it is required to relocate
a sensor. For example, a time-step can be defined as an hour, a day,
a week, and others depending on the desired frequency of sensor
relocations. Moreover, the duration of a time-step should be chosen
such that it is sufficiently large as the average time required to move
a sensor between any two locations in set V (e.g., choosing a time-
step to be equal to a minute may not be a good decision because that
may not be enough time to relocate sensors). In our problem, we
give importance to different locations in set V in terms of the re-
spective ambient pollution concentrations generated at these loca-
tions such that the locations that generate higher concentration
values are prioritized when deploying sensors. Estimates of the
concentration values at locations in set V' can be obtained in multi-
ple ways, e.g., if set V has locations along a road network, we can
obtain concentration values around these locations using traffic
simulation models. We may also obtain the concentration values
around the locations in set V through other methods such as sat-
ellite imagery (since we require ambient pollution concentration
values at potential locations as inputs for the optimal deployment
of sensors, we suggest methods such as traffic simulation, satellite
imagery, and others to estimate such values before the actual sensor
deployment). For all i € V and ¢ € {1, ..., T}, let el be the con-
centration value obtained through the aforementioned methods at
location i for time-step ¢ (these concentration values are assumed to
be known beforehand rather than them being estimated in real-
time). Moreover, foralli € Vand ¢ € {1, ..., T}, let ! be a binary
variable equal to 1 if a sensor is deployed at location i in time-step t;
otherwise, it equals 0. Suppose we have the budget to deploy k(< N)
sensors at any given time-step (this budget corresponds to the re-
striction on the total cost available to buy the sensors). At most,
one sensor can be deployed at any location belonging to the set
V at a given time-step. For all i € V and r € {2, ...,T}, let pi
be equal to 0if z/_| = z! (i.e., either a sensor is deployed at location
i at both the time-steps  — 1 and ¢ or no sensor is deployed at lo-
cation i at both the time-steps ¢ — 1 and 7); otherwise, it is equal to 1.

Suppose a sensor is deployed at location j in time-step ¢ — 1 but
not in time-step ¢, and a sensor is deployed at location g in time-step
¢ but not in time-step t — 1 (suppose the deployment of sensors at
all other locations stays the same at that in time-steps # — 1 and ?).
In that case, a sensor may be considered to have relocated from
location j in time-step ¢ — 1 to location ¢ in time-step ¢. Note that
Sy Pi=2 in this case because p! =p? =1 and pi=0,
V i€ V\{j, q}. Therefore, we define the total number of reloca-
tions that take place from time-step # — 1 to time-step ¢ to equal
Sy DPi/2. Note that a cost can be associated with the relocation
of a sensor; thus, there may be a constraint on the total number of
relocations that can take place for a given budget. We assume that
the cost associated with each relocation is the same; thus, we denote
the total number of relocations that can take place across T time-
steps as R (i.e., R is determined by the budget available for relocat-
ing sensors). We only focus on the number of relocations in con-
secutive time-steps and do not focus on the routes chosen while
relocating sensors. Moreover, we assume that there is a mechanism
for relocating sensors over time, although the mode of transport
is not relevant. For example, connected vehicles equipped with sen-
sors can serve this purpose because they can ensure that relocations
happen in a coordinated way.

Under this setting, we now define the objective function of our
problem. For all i € V and t € {1, ..., T}, let di be the distance
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between location i and the closest deployed sensor from i in
time-step ¢ (thus, d! is not given and is determined after solving
the proposed optimization problem). We define the satisfaction
function g(d!) as a decreasing function of di. Previous studies such
as Sun et al. (2019) and Ajnoti et al. (2024) used the idea of a sat-
isfaction function but for static deployment of air quality monitor-
ing instruments. In this paper, the objective function is defined as a
metric that is a weighted function of the satisfaction functions
summed across different locations and time-steps. This objective
function ensures that all the potential locations at various time-steps
have sensors as close as possible while giving importance to differ-
ent locations in proportion to the respective concentration values. In
this paper, we choose the weight corresponding to location i in
time-step ¢ in the objective function to be equal to the correspond-
ing concentration value of a pollutant (denoted by e!) because we
want to prioritize sensor deployment in locations where the ambient
concentration values are high. That is, we define the objective func-
tion as the sum of g(d!)e! over all the locations i € V and time-steps
t € {1, ...,T}. We assume that the satisfaction function g(d) sat-
isfies the following criteria: (i) it is a strictly decreasing function
with d, i.e., for any d1 < d2, we have g(dl) > g(d2) (such that
the satisfaction at a location increases as the distance to the closest
deployed sensor from that location decreases), (ii) for any d > 0,
we have g(d) > 0 (this condition ensures that there is positive sat-
isfaction at a location regardless of the distance between the given
location and the closest deployed sensor), and (iii) for d = 0, we
have g(d) =1 (this is a boundary condition for the satisfaction
function). We now present the optimization formulation for the
dynamic deployment of movable sensors.

Max 373 eig(di) (1)

t=1 ieV

sty =k Yie{l2 ...T} (2)
i€V
T

> pi<2R (3)

t=2 i€V
pi>zi—z ,, VieV, te{23,...,T} (4)
pi>zi —z, VYieV, te{23,...,T} (5)
pilzi+z,, VYieV, 1e{23, ..., T} (6)

PiS2—(z+z,). VieVv, 1e{23....T} (7)
di<d;zl+(1—z)M, Viev, jeV, te{l,....,T} (8)
yi<d, Viev, jev., te{l,...T} ©)

SVi=1, Viev, re{l....T} (10)

jev

di=>Y dyy!. YieV, te{l,....T} (11)
jev

y/e{01}, Viev, jeV, re{l,2,....T} (12)
pie{01}, VieV, te{23,....T} (13)
Ze{01}, VieVv, re{l,2,....,T} (14)
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The expression in Eq. (1) depicts the objective function that
aims to maximize overall satisfaction across different locations
and time-steps. The constraint in Eq. (2) ensures that at any
time-step ¢, k sensors are deployed. The constraint in Eq. (3)
ensures that the total number of relocations that take place is less
than or equal to the maximum number of allowed relocations R.
The constraints in Egs. (4), (5), (6), and (7) ensure that for all i €
Vandt € {2,....T}, piisequal to 0 if z_| = zi; otherwise, it is
equal to 1. For all i, j € V,letd;; be the distance between locations
i and j. Moreover, let M be a Very large positive number. Then, the
constraint in Eq. (8) ensures that foralli € Vand r € {1, ..., T},
d! is less than or equal to the distance d; ; between location 7 and
every location j that has a sensor deployed in time-step ¢. For all i,
jeVandre {l,...,T}, lety/ beequalto I if the closest location
from i that has a sensor deployed in time-step ¢ is location j The
constraintin Eq. (9) ensures thatforall i, j € Vandr € {1, ..., T},
yt is equal to O if a sensor is not deployed at location j in time-step
t. Eq. (10) ensures that for any location i € V and time- step

t€{l, ..., T}, there exists only one location j for which y; is
equal to 1 Eq. (11) ensures that for any location i € V in time-step
te{l,...,T}, d! is equal to the distance from location i to loca-

tion j that has the closest deployed sensor from location i (because
of Eq. (10) and from the fact that the variables yij are binary).
Egs. (12), (13), and (14) ensure that {y;’}, { pi}, and {2} are binary
variables.

Several functions can satisfy the criteria for function g(d)
previously mentioned. Recall that g(d) should be a strictly decreas-
ing function and should take positive values for all values of d and
the value of 1 when d = 0. Thus, only nonlinear functions can be
potential candidates for g(d). For example, exp(—d) is one of the
functions that satisfies the aforementioned criteria for the g(d)
function. Similarly, the function 1/(d+ 1) can also be used
because it satisfies the required criteria. In this paper, we assume
9(d) = exp(—d), as in previous studies such as Sun et al.
(2019) and Ajnoti et al. (2024). Thus, the objective function
ST > ey €lg(dl) is a nonlinear function; therefore, the proposed
optimization formulation is a nonlinear integer program because
of the presence of integer variables, such as p! and zi. We now
present the methodology for solving the proposed optimization
formulation.

Solution Methodology

In this section, we present the GA developed to solve the problem
described in the previous section. Since the proposed optimization
formulation is a nonlinear integer program, classical methods of
optimization may not be the best to apply because they can become
stuck in local optima (Deb 2001). Moreover, exact algorithms for
solving integer programs such as Branch and Bound can be com-
putationally burdensome for large problem instances because they
may end up exploring all possible solutions in the worst case
(Morrison et al. 2016). Therefore, traditional solvers that use
variants of such exact algorithms also become computationally
burdensome when they solve large instances of integer programs
(Morrison et al. 2016). That is because integer programming,
in general, is NP-hard and, thus, the existing solvers do not scale
well as the size of the problem increases (Karp 2010). However,
meta-heuristics such as GA are better suited for solving such prob-
lems (Deb 2001).

GA is an optimization algorithm that draws its inspiration from
evolutionary biology and mimics the process of how genes are
transferred across generations. GA involves evolutionary processes
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such as selection, crossover, and mutation (we subsequently de-
scribe in detail these operators). With the help of these operators,
the algorithm is unlikely to become stuck at local optima. However,
GAs do not have proof of convergence to the optimal solution.
Thus, the performance of GAs can only be analyzed by numerically
testing with other benchmarked approaches. Therefore, in the next
section, we compare the performance of the developed GA through
numerical tests (since the objective of this paper is to demonstrate
the feasibility of optimally deploying air quality sensors over time
rather than developing the most efficient approach for solving this
problem, we only compare the performance of the developed GA
with one approach; thus, testing GAs performance with other com-
monly available tools remains a future direction). For more details
regarding GA, refer to Deb (2001).

We use the term string in the proposed GA to represent a sol-
ution to our problem. A string is represented as a TN-sized array
consisting of 7' segments corresponding to the 7' time-steps. Each
segment of a string has N boxes corresponding to N potential lo-
cations for sensor deployment. The i"" box from left in the " seg-
ment of a string takes a numerical value if a sensor is deployed at
location i in time-step ¢ in the corresponding solution; otherwise, it
takes a null value. The convention for the boxes that contain
numerical values is to put 1 in the first such box from the left
in a segment, then put the number 2 in the second such box from
the left in that segment, and so on. The boxes that have sensors
deployed (i.e., the boxes containing numerical values) are given
different numbers in a segment to explain different operators in
GA; however, all the sensors are assumed to be identical in every
aspect. Similarly, the first null value in any segment is represented
as Ny, the second null value in any segment is represented as N,
and so on. The developed GA ensures that each segment of a string
has exactly k boxes that have numerical values (thus, k sensors
are deployed at each time-step in each GA solution). An example
of a string for two time-steps (i.e., 7 =2) and four locations
(i.e., =N=4)withk =2is shown in Fig. 1. The bold vertical
line is used to separate two consecutive time-steps. The first four
boxes from the left correspond to the deployment of sensors at dif-
ferent locations for the first time-step, and the next four boxes cor-
respond to the deployment of sensors at different locations for the
second time-step. Note that exactly two boxes in both segments
have numerical values, representing the locations where sensors
are present at these time-steps.

The fitness function of a given string is a metric representing the
goodness of the corresponding solution in the context of the under-
lying objective and constraint functions. For a string s, the fitness
function is defined as follows:

ST, Zefg(di) if 5 is a feasible string
f(s) = v (15)

Siin — P otherwise

Here, S, = minimum value of fitness among all feasible
strings within a population (a string is said to be feasible if the
solution corresponding to that string satisfies all the con-
straints of the proposed optimization problem). Moreover, P =
(3", > ey Pis) — 2R. After performing crossover and mutation
on strings, the constraint on the total number of relocations,
i.e., the constraint in Eq. (3), may be violated; thus, the penalty

Fig. 1. Illustration of a string in GA.
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P has been added to the fitness function determination. Thus, the
fitness value of a feasible string is equal to the objective function
value; however, the fitness value of an infeasible string is equal to
the minimum fitness value of all feasible strings within the popu-
lation minus the penalty for violating the constraint of Eq. (3).
Thus, the fitness value of any infeasible string in a population never
exceeds the fitness value of a feasible string in the same population.
Note that it is ensured that all the strings in the initial population
satisfy all the constraints of the proposed optimization formulation.
However, GA uses operators such as crossover and mutation, and
infeasible strings might be generated after using these operators.
All the constraints, except those given in Eq. (3), are satisfied after
applying the operators of GA (this is subsequently explained in
detail).

We now describe the different operators of the proposed GA.
The first operator used in GA is the selection operator that creates
a new population of strings from a given population based on the
fitness values of the strings in the given population. In this algo-
rithm, we use k-tournament selection (Deb 2001), a method used to
select strings to create the population for the next generation. This
selection process is inspired by the concept of a competitive tourna-
ment, where k strings are randomly chosen, and the string with the
highest fitness value is selected. This process is repeated until we
obtain the required number of strings in the new population. We
now discuss the crossover operator that we developed in this algo-
rithm. We define the crossover probability P, depending on which
it is decided whether a pair of strings will undergo crossover or not.
We refer to the pair of strings that undergo crossover as parent
strings. Let P1 and P2 be a set of parent strings. An example of
parent strings with two time-steps, four potential locations and k =
2 is shown in Fig. 2(a). For every pair of parent strings, one tem-
porary string 7’1 is generated, which is of the same size as the pa-
rent strings. In a temporary string, each box is assigned the value of
0 or 1 with equal probability. An example of a temporary string 7'1
for two time-steps, four locations, and & = 2 is shown in Fig. 2(b).
The offspring strings O1 and O2 obtained after the crossover are
shown in Fig. 2(c). For creating the first offspring string O1, the
values of the boxes in P1 that correspond to the boxes having 1 in
the temporary string 7'1 are directly copied in O1. In the shown
example, the temporary string has 1 in the third and fourth boxes
in the first segment and 1 in the second and third boxes in the sec-
ond segment. Thus, the values of P1 from all these boxes are copied
in the same boxes in O1. For example, the values 2 and N, present
in the third and fourth boxes in the first segment in P1 are copied in
the third and fourth boxes of the first segment in O1. The values N,
and 2 that are present in the second and third boxes in the second

Fig. 2. Example of crossover operator: (a) parent strings; (b) temporary
string; and (c) offspring strings.
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Fig. 3. Example of mutation operator.

segment in P1 are copied in the second and third boxes of the sec-
ond segment in O1. To fill the remaining boxes in each segment of
O1, we select those values in P1 that have not yet been copied in
O1 and put them in the same order as they appear in P2. For ex-
ample, the values 1 and N are copied in the second and first boxes
of the first segment in O1 because N, is to the left of 1 in the first
segment of P2. To create a second offspring 02, the values of the
boxes in P2 that correspond to the boxes that have 1 in the tem-
porary string 7'1 are directly copied in O2. In this example, the
temporary string has 1 in the third and fourth boxes in the first seg-
ment and 1 in the second and third boxes in the second segment.
Thus, the values of P2 from all these boxes are copied in the same
boxes of O2. To fill the remaining boxes in each segment of 02, we
select those values in P2 that have not yet been copied in O2 and
put them in the same order as they appear in P1. Thus, in this way,
we obtain both the offsprings O1 and O2.

We now discuss the mutation operator proposed in this algo-
rithm. We define mutation probability P,, based on which it is
decided whether a string undergoes mutation or not. If a string
undergoes mutation, we swap values of two randomly selected
boxes in each segment. An example of mutation is shown in Fig. 3
(the first row shows a string before mutation, and the second row
shows that string after mutation). In this example, the values of the
first and third boxes from the first segment are swapped. In the
second segment, the values of the first and the fourth boxes are
swapped.

We perform elitism in each generation of the proposed GA to
retain a few of the best strings. In this process, we directly transfer
some of the best strings from the current population to the new
population without subjecting them to various operators used in
GA. Let (3; be the mean fitness value of the strings in the population
obtained in the i generation of GA. Let G be the maximum num-
ber of generations allowed in GA. In each generation, we undergo
the process of selection, crossover, and mutation to obtain a new
population until one of the following stopping criteria is first met:
the relative change in the mean fitness value across consecutive
generations, i.e., |(8; — 3,_1)/Bi—i|, falls below a predetermined
threshold « or when generation number i becomes equal to G.

Results

In this section, we discuss the results obtained from solving the
proposed optimization problem. This section is divided into two
subsections. In the first subsection, we present the results of the
deployment of movable sensors along a road network to focus
on vehicular pollution. The ambient pollution levels along the road
network (i.e., the values ¢! in the objective function) in this case are
obtained using a traffic simulation model. In the second subsection,
we present the results when movable sensors are deployed for city-
wide monitoring. In that case, the e! values used in the optimal
deployment of sensors are obtained from real-world data for a city
in India.

In the results that we present, we only use fine particulate matter
(PM,5) to denote concentration values because PM,s concen-
trations strongly impact individuals’ health (Lin et al. 2017).
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However, the optimization problem that we propose is not restricted
to only taking PM,s concentrations as the inputs; rather, other
indicators of pollution such as CO, NO,, O3, NH3, and others can
also be used. We execute all the results on a computer with an Intel
12th Gen i7 processor, 32GB RAM, and a 500-GB hard disk.
Moreover, all the codes are executed in MATLAB version R2022a
(The MathWorks Inc. 2022).

Deployment of Movable Sensors for Vehicular
Pollution Monitoring

In this subsection, we present the results of the deployment of sen-
sors alongside a road network. This subsection is divided into three
parts. In the first part, the results of the analysis of sensor reloca-
tions as obtained by GA are provided. The purpose of the second
part is to check the performance of the proposed GA in comparison
to enumeration. In the last part, sensitivity analysis with the maxi-
mum number of relocations (i.e., R) is presented.

In this section, we assume that vehicular pollution is the sole
reason for the pollution generated along the potential locations con-
sidered for the deployment of sensors on the road network. How-
ever, the optimization formulation does not restrict the potential
locations to lie along the road network; thus, the ambient pollution
generated from nonvehicular sources can also be considered (we
will be subsequently presenting this in a case study). The standard
network we consider for traffic simulation is used in transportation
network analysis called the Sioux Falls network (Transportation
Networks for Research Core Team 2024). Fig. 4 shows the Sioux
Falls network.

To generate time-varying ambient pollution levels along the
road network, we use the Cell Transmission Model (CTM), a
widely accepted traffic simulation model (Daganzo 1994). CTM
is a numerical approximation method to determine traffic flows us-
ing hydrodynamic traffic flow theory (Daganzo 1994; Ukkusuri
et al. 2012). In CTM, the road network is divided into various parts
called cells, and the flow pattern is observed for each cell at differ-
ent time-steps. Since CTM divides the entire network into various
cells, it is a mesoscopic traffic simulator and is more computation-
ally efficient than microscopic traffic simulators. Fig. 4 shows 56
cells and 67 links in the Sioux Falls network. The centers of all the
cells in the considered network represent the set V' of the potential
locations for sensor deployment. CTM takes inputs as the time-
varying traffic demand and the road network on which the traffic
needs to be simulated. In this road network, we consider a single
origin-destination (O-D) pair given by cells 1 (origin) and 56 (des-
tination), as shown in Fig. 4 (we consider a single O-D pair for ease
of visualization and analysis, although CTM can consider multiple
O-D pairs). We assume that the traffic demand between the given
O-D pair is similar to the demand pattern of real-life traffic in which
peaks occur in the morning and evening during a day (Nasir et al.

Fig. 4. Sioux Falls network.
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Fig. 5. Variation in traffic demand over time.

2014). There can be deviations in the demand pattern on some days
due to unexpected events, but there is usually a morning peak and
an evening peak across each day (Crawford et al. 2017). Fig. 5
shows the variation in traffic demand over time for the given O-D
pair (here, the traffic demand is shown for every minute and for a
total of 1,440 minutes, which is equal to the duration of a day).

The total demand between the given O-D pair is equally distrib-
uted among all the paths that connect this O-D pair. This demand
distribution assumption may not be the most realistic but is com-
putationally efficient relative to distributing demand based on
dynamic traffic assignment methods that often become computa-
tionally burdensome (Peeta and Ziliaskopoulos 2001). We simulate
the traffic approximately every minute for the 24-h duration using
CTM. To simulate the CTM, we use a traffic fundamental diagram
of trapezoidal shape for each cell with outflow capacity equal to
1,800 vehicles h™!, jam density equal to 200 vehicles km™!,
free-flow speed equal to 50 kmh~! and the ratio of the shockwave
speed to the free-flow speed as 0.4 (Zhu et al. 2013). The equations
corresponding to CTM are not presented here for brevity, and in-
terested readers may refer to Ukkusuri et al. (2012). The output of
CTM is the number of vehicles present in each cell at different
time-steps (i.e., the traffic occupancy of different cells at various
time-steps). We use the traffic occupancy values obtained from
CTM to obtain the average speed of vehicles for different cells
at different time-steps using the method mentioned in Zhu et al.
(2013). After that, we use the average speeds to obtain ambient
PM, 5 emission values (in terms of mg) as inputs for the optimal
deployment of sensors through known emission factors (Huang
et al. 2022; Zhu et al. 2013). We use ambient emission values in
terms of mass (mg) to determine the values of ¢! in this case study
rather than ambient concentration values (in terms of mass/volume)
because we assume that the emissions generated from each cell are
dispersed uniformly across the cell and, thus, the corresponding
concentration values are constant factor times the corresponding
emission values (because all the cells in CTM are assumed to have
identical sizes). Thus, the optimal deployment of sensors obtained
using emissions is the same as that obtained using the correspond-
ing concentration values because the optimal solution of an opti-
mization problem does not change if the objective function is
multiplied by a positive constant. We set the duration of a time-
step in the optimal deployment of sensors to be equal to 4 h
(i.e., the time gap between successive sensor relocations cannot
be less than 4 h); thus, we average the emission values obtained
per minute from the aforementioned process over the duration
of 4 h to obtain a single emission value for each cell. Since we
simulate CTM for 24 h, and the duration of a time-step in the opti-
mization problem is 4 h, we have T equal to 6.
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Fig. 6. Illustration of variation in maximum fitness value across gen-
erations in GA.

Analysis of Sensor Relocations over Time

In this section, we focus on the solutions obtained for the optimal
deployment of sensors in the Sioux Falls network through GA. We
set k = 10 (i.e., 10 sensors are deployed at each time-step) and R =
24 (i.e., the maximum number of relocations is equal to 24) and
keep the other parameters as before. In this paper, we choose
the values of k and R synthetically and subsequently provide
the sensitivity analysis with these parameters. We set GA param-
eters such as crossover probability P. = 0.65, mutation probability
P,, = 0.1, maximum number of generations G = 2000, and pre-
determined threshold o = 0.01. We set these parameters after
doing several tests to ascertain that GA provides reasonable

performance with these parameters. Fig. 6 illustrates the variation
in the maximum fitness value across generations as obtained
through GA. As the number of generations increases, the maximum
fitness value obtained by GA increases because we perform elitism
in GA. Moreover, the maximum fitness value converges when the
number of generations reaches approximately 1,600, indicating that
the parameters have been satisfactorily chosen for GA to reach
convergence.

Fig. 7 shows the deployment of sensors for time-steps ranging
from ¢ = 1 to t = 4 as obtained by GA (note that 7 = 6 and, thus,
the deployment obtained from GA is available for six time-steps
but is only shown for the first four time-steps for brevity). At any
given time-step, all the cells in the network are divided into two
categories as follows: dark colored cells represent those cells
where sensors are deployed at the given time-step, and light col-
ored cells are those where sensors are not deployed at the given
time-step. The PM, 5 values (as obtained by the aforementioned
traffic simulation process by CTM) across the region surrounding
this road network are also presented to better analyze the solution
obtained using GA. High PM, 5 values are characterized by dark
color and low PM, 5 values are characterized by light color. More-
over, the aforementioned process of determining PM, 5 values
involving CTM calculates these values only for the cells across
the road network and thus the PM, 5 values for the remaining pla-
ces in the shown region are interpolated. In Fig. 7, a sensor is
deployed at cells such as 2, 8, 9, and 55 at all time-steps. That
is because these cells are situated close to the origin and destina-
tion of the traffic demand and, thus, the PM, 5 values are always
high near these cells as is visible by the dark contours in the

Fig. 7. Tllustration of sensor deployment in Sioux Falls network as obtained by GA for time-steps t = 1 to r =4: (a) t = 1; (b) t =2; (c) t = 3;

d)r=4.
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Fig. 8. Illustration of sensor deployment in Sioux Falls network as obtained by GA for time-steps r = 1 to # = 4 when link 8-9 is blocked for time-

stepst=3and t=4: (@) t=1;(b)r=2;(c)t=3;(d) r=4.

figure. It can also be seen that there are sensors at cells 11 and 31
in time-step 2; however, those sensors are relocated to cells 21 and
30 in time-step 3, signifying the importance of allowing sensor
relocations within a day. Moreover, no sensor is deployed at cell
53 in time-step 4; however, a sensor is deployed at cell 31 in this
time-step, even though the PM, 5 value is higher at cell 53 than at
cell 31 for this time-step. That is because there are already sensors
deployed at cells adjacent to cell 53, i.e., cells 50 and 55; there-
fore, deploying sensors at cells other than cell 53 might maximize
the overall satisfaction value (i.e., the objective function value).
This shows that the potential deployment is determined by the
following two factors: one of the factors is to prioritize those
cells for deploying sensors that have high PM,s values (i.e.,
el), and the other factor is to prioritize those cells on whose de-
ployment the distance to the closest deployed sensor from each
cell (i.e., di) is low (in line with the objective function given by
D1 ey €ig(dr).

A road may be blocked due to accidents, repair work, and
others, which may change the PM, 5 values around that road for
the affected duration. To simulate such scenarios, we now block
link 8-9 in the Sioux Falls network for time-steps ¢t =3 and
t = 4. That is, for these two time-steps, no flow takes place through
link 8-9. The total demand between the O-D pair (1,56) and other
parameters such as N, k, R, T, and others are kept the same as in the
case when no link is blocked. Fig. 8 presents the sensor deployment
obtained for different time-steps by GA for this case (as before, we
only show the deployment for the first four time-steps for brevity,
although T = 6).
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Most paths connecting origin cell 1 and destination cell 56 pass
through link 8-9; thus, when link 8-9 is blocked, traffic is diverted
to the periphery of the network. Therefore, most PM, 5 values are
concentrated along the periphery of the network in time-steps 3 and
4 (this can be seen by the dark contour along the periphery of the
network). Thus, when this link is blocked for time-steps 3 and 4,
sensor deployment is observed only for the paths situated on the
periphery of the network. For example, sensors are deployed at cells
such as cells 8 and 9 in time-steps 1 and 2 but are not deployed in
time-steps 3 and 4. Moreover, a sensor is deployed at cells 15 and
25 in time-step 3, but no sensor is deployed at cells 4, 40, and 44 at
this time-step, even though these cells have higher PM, 5 values
than those at cells 15 and 25. That is because the cells adjacent to
4,40 and 44 have sensors deployed in time-step 3. Thus, the optimal
solution takes into account two factors previously mentioned:
prioritizing cells with high PM, 5 values and making sure that the
distance to the closest deployed sensor from each cell is low.

Performance Comparison of GA with Enumeration

In this section, we evaluate the quality of the solution obtained by
GA in comparison to the optimal solution and analyze the computa-
tional efficiency of GA. For that, we compare the results obtained
by GA with those obtained by enumeration. Note that enumeration
is a method to find the optimal solution by generating all the
feasible solutions and comparing the feasible solutions to find the
optimal solution. We consider the values of the parameters R and T
to be the same as previously described (we discuss the details of
other parameters such as N and k in subsequent discussions).
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We compare the performance of GA with enumeration as the
size of the problem increases. The proposed optimization problem
falls in the category of combinatorial optimization because there are
a finite number of feasible solutions (Papadimitriou and Steiglitz
1998). Thus, the total number of feasible solutions might increase
rapidly with the increase in the size of the problem. One factor that
determines the size of the problem is & (i.e., the number of sensors
deployed at any time-step); therefore, we plan to check the perfor-
mance of GA with enumeration as k increases. Since k < N, we also
increase N as k increases. We fix N/k = 2 since the total number
of combinations of k sensors out of N potential locations/cells
(i.e., NC;) is maximum for a given N when N/k is approximately
equal to 2 (Sleziak 2021). Since we fixed N/k to 2, we need to
increase N (i.e., the number of cells for the potential deployment
of sensors); thus, the set V of potential locations/cells for deploy-
ment increases as follows: if k = 1, then N = 2 and cells 1 and 2 in
the Sioux Falls network are the potential locations of deployment;
if k =2,then N = 4 and cells 1, 2, 3, and 4 in Sioux Falls network
are potential cells for deployment, and so on. Although the set V
consisting of potential locations for sensors varies as k increases,
PM, 5 values taken as inputs for the optimal deployment of sensors
are kept the same regardless of the k value and are obtained from
the simulation of CTM over the entire Sioux Falls network without
blocking any link at any time-step (with the parameters in the sim-
ulation being the same as that described in the previous section).

Fig. 9 provides the computational time (in log-scale) for GA and
enumeration with varying numbers of sensors (i.e., k). The com-
putational time for both GA and enumeration increases with an in-
crease in k. The increase in the computational time for GA is
observed because the number of boxes in a string of GA is equal
to NT; thus, as k increases, the string size increases (since N
increases as N/k is set to 2). For enumeration, the computational
time increases with k as the total number of feasible solutions in-
creases with the increase in k because of the following argument.
Suppose R is sufficiently large such that it does not impose any
constraint in the optimization of sensor deployment. Then, the total
number of feasible solutions of the optimization problem is equal to
(NCy)T. For example, when we have N/k = 2 and T = 6, then the
total number of feasible solutions when £ is equal to 1, 2, and, 3
is equal to (2C,)° (i.e., 64), (*C,)° (i.e., 46656), and (°C;)°
(i.e., 64,000,000), respectively. Thus, the total number of feasible
solutions increases very rapidly with an increase in k (we say very
rapidly because there is an exponential increase in the number of
feasible solutions with an increase in k), as does the computational
time. The aforementioned argument is provided for the case in
which R is sufficiently large so that R does not impose any con-
straint in optimization; however, we expect a similar argument to

Fig. 9. Variation in computation time with k for different approaches.

Fig. 10. Variation in objective function value with k for different ap-
proaches.

hold when R imposes a constraint in optimization. We only plotted
the computational time for enumeration until k =3 in Fig. 9
because the computational time increases rapidly with k.

Fig. 10 presents the objective function value obtained by GA
and enumeration with varying k. We plot the values for enumer-
ation only until k = 3 since the computation time for enumeration
increases very rapidly with k, as previously mentioned. Note that
the objective function values obtained by GA and enumeration are
almost the same (the relative difference in these values is less than
0.01%); thus, the line corresponding to GA is hidden behind that of
enumeration when k < 3 in Fig. 10. The objective function value
increases with an increase in k because the number of potential
locations N (i.e., size of set V) for the deployment of sensors also
increases and, thus, the objective function value (determined by
ST S ey €lg(dh)) increases. From now on, we will only present
results obtained by GA because the objective function value ob-
tained by GA is very close (the relative difference is less than
0.01% for the tested cases) to that obtained by enumeration, and
GA is computationally very efficient (the computational time taken
by GA is approximately two orders of magnitude less than the com-
putational time taken by enumeration when k = 3) as compared to
enumeration.

Sensitivity Analysis with Maximum Number of Relocations

We now discuss how the objective function value varies with an
increase in the maximum number of relocations R. While varying
R, we set N =56, k =10, and T = 6. Fig. 11 shows the varia-
tion in the objective function value with R as obtained by GA.

Fig. 11. Variation in objective function value with maximum number
of relocations R.
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The objective function value increases when R increases because as
R increases, the constraint on the maximum number of relocations
[given in Eq. (3)] becomes more relaxed and, thus, the total number
of feasible solutions increases. Therefore, the objective function
value will either remain the same or increase as R increases. The
objective function value increases at a faster rate when R increases
from 2 to 5 as compared to when R increases from 5 to 9. That is
because at R = 5, the objective function value has reached close to
the optimal value for the case in which there is no constraint on the
maximum number of relocations (R), and further increasing R will
not substantially increase the objective function value [we con-
firmed the optimal value when there is no constraint on R through
extensive randomized sampling of feasible solutions (because run-
ning enumeration is not computationally practical in this case) and
that value is equal to 2.54 x 10°].

Deployment of Movable Sensors for Citywide Pollution
Monitoring

In this section, we consider the deployment of movable sensors
for citywide monitoring rather than deploying sensors only along
the road networks, as shown in the last sections. The PM, 5 values
used as inputs in the optimal sensor deployment are obtained from a
real-world source, specifically, from Lucknow—the capital of the
state of Uttar Pradesh in India. Fig. 12 displays a map of Lucknow
city. The circular points show the 36 potential locations for sensor
deployment. The PM, s data at these 36 locations are available
through the air monitoring sensors deployed at these places. We
use these PM, 5 values as inputs for our sensor deployment prob-
lem considering a hypothetical case study in which it may not be
possible to deploy sensors at all these 36 locations (i.e., k < 36), but
it may be possible to relocate sensors across these locations to bet-
ter capture time-varying pollution. The considered PM, 5 data are
for the month of November 2022 on an hourly basis. We use PM, 5
values recorded by the sensors for the month of November because
the variation in the PM, 5 values is much higher in November than
in most other months for the studied region. We set the duration of a
time-step for sensor deployment (i.e., the smallest time gap be-
tween relocations of sensors) to be equal to one day and averaged
the hourly PM, s values across a day to obtain PM, s values for
different days. There were some missing data points (less than
3% of the entire dataset) for certain hours in our dataset; thus, those
points were subsequently interpolated using the moving average

method (Hansun 2013). We now consider the problem of optimal
sensor deployment with N = 36 (because there are 36 potential lo-
cations in Lucknow), £ = 10, and R = 24 (we discuss the value of
T selected in the subsequent subsections). Note that the parameters
used in GA are the same as previously used.

This section is divided into two subsections. In the first subsec-
tion, we present the results of the analysis of the solution obtained
for sensor deployment across Lucknow. The purpose of the subsec-
tion after that is to perform sensitivity analysis with the maximum
number of time-steps (7).

Analysis of Solution Obtained for Sensor Deployment

In this section, we focus on a typical solution provided by GA for
the deployment of sensors for the considered region. We set 7 = 6
(i.e., we focus on sensor deployment for a total duration of six
days during which sensor relocations can happen daily), and
the remaining parameters are set as previously described. Fig. 13
provides the deployment of the sensors obtained by GA, with cir-
cular points representing the locations of sensors for time-steps
t=1 to t=4 (as before, we only show the deployment for
the first four time-steps for brevity, although 7' = 6). The contour
plots at any time-step in Fig. 13 depict PM, s values generated
through interpolation based on the PM,s data available for the
36 locations in Fig. 12. PM, s values for all the time-steps in
Fig. 13 are typically the highest in the central region of the city
because this area is densely populated. PM, 5 values at locations
14 and 25 at all time-steps are very low because these locations are
situated far from the city area; thus, no sensor is deployed at these
locations at any time-step. Moreover, sensors are deployed at lo-
cations 23 and 28 in time-step ¢t = 1 because of the high PM, s
values that are observed at these locations even though these lo-
cations are far from the city center. The high PM, 5 value at r = 1
at location 23 might be because of its proximity to National High-
way 27, Outer Ring road and several educational institutes. Sim-
ilarly, high PM, 5 values at location 28 might be attributed to its
close proximity to National Highway 30. Also, location 10 has
higher PM, 5 than location 19 in time-step 1 but a sensor is de-
ployed at location 19 rather than at location 10 at this time-step,
possibly because location 19 serves as the nearest location with a
sensor to locations 22 and 24 (and thus the overall satisfaction is
high with this deployment). The relocation of sensors can also be
observed in several cases, e.g., there is no sensor at cell 28 in time-
step t =4 but it is present in the first three time-steps.

Fig. 12. Map of Lucknow. (Base map by Esri © OpenStreetMap contributors, TomTom, Garmin, Foursquare, METI/NASA, USGS.)
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Fig. 13. Illustration of sensor deployment in Lucknow as obtained by GA for timesteps t = 1 tot =4: (a) t = 1; (b) t =2; (¢c) t = 3; (d) t = 4.

Sensitivity Analysis with Maximum Number of Time-Steps T
In this section, we present the sensitivity analysis with the maxi-
mum number of time-steps 7. The parameters N, k, and R are kept
the same as those in the previous section. Figs. 14 and 15 show the
objective function value and computational time, respectively,
when T varies from 6 to 14. It is possible to conduct sensitivity
analysis with 7 in this case study by increasing from 7 = 6to T =
14 while keeping the duration of a time-step in optimization equal
to a day since we have the PM, s data for the entire month of
November (however, it is not possible to increase 7 in the previous
case study while ensuring that the traffic demand is for an entire
day, i.e., 24 h, and the duration of a time-step in the optimization
does not become smaller than 4 h). Fig. 14 shows that the objective
function value increases with 7' because the objective function
[Eq. (1)] has a summation involving 7 terms. Additionally, the

Fig. 14. Variation in objective function value with maximum number
of time-steps 7.

computational time in Fig. 15 increases as T increases because the
size of the string is equal to NT and, thus, the computational time
associated with GA increases with longer strings.

Fig. 15 shows that the computational time it takes for GA to
obtain the solution when 7' = 14 is nearly 20 min. Thus, the pro-
posed algorithm provides a practical way to solve this problem as
the movable sensor deployment can be planned in advance even for
a duration such as two weeks.

Discussion of Practical Data Collection Methods

In this section, we discuss practical methods for deriving PM, 5
data. The most common way of obtaining PM, s data is through
air quality monitors and sensors. For example, we used the PM, 5
data obtained through air quality sensors to develop the case study

Fig. 15. Variation in computation time of GA value with maximum
number of time-steps 7'
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for the dynamic deployment of sensors in Lucknow. Public agen-
cies such as the Central Pollution Control Board (CPCB) and sev-
eral private agencies maintain air quality reference monitors and
sensors in India to track PM, 5 data (there are similar agencies else-
where across the world) (Sharma and Mauzerall 2022). In places in
which air quality sensors or monitors may not be deployed, PM, s
values can also be estimated using satellite data from sources such
as the Moderate Resolution Imaging Spectroradiometer (MODIS)
aboard NASA’s Terra and Aqua satellites (Li et al. 2011). These
sources use Aerosol Optical Depth measurements to derive PM, 5
levels through statistical models. Moreover, spatial interpolation
techniques such as Kriging and inverse distance weighting (IDW)
are used to obtain PM, 5 values for locations at which sensors or
monitors are not available to interpolate the required values from
locations having monitors and sensors (Shukla et al. 2020).

Important Managerial Insights

‘We now present important managerial insights from the results pre-
viously presented. Note that not all locations with high PM, 5 val-
ues require sensors if there are already sensors placed nearby.
Moreover, the dynamic deployment of sensors is useful when there
is a reasonable change in PM, 5 values over time. Thus, when there
is no significant variation in PM, 5 values over time, it is suggested
that static optimization formulation be used for deployment be-
cause doing so will be computationally less burdensome. The de-
cision on whether the time-step for relocation should be a few hours
or a day depends on the objective of the air quality monitoring
agencies. For example, if the target is to monitor changes in am-
bient air pollution due to changes in travel patterns within a day,
then performing relocations within a day makes sense. In contrast,
if the objective is to monitor changes in air pollution due to indus-
trial activities or construction operations, it might be better to re-
locate sensors within a week because there might be different levels
of these activities across a week. For example, there would be
differences in such activities on weekdays when compared to on
weekends. Furthermore, the time-step for relocation is also gov-
erned by other considerations, e.g., setting a small time-step for
relocations amounts to frequent relocations and, thus, adds to the
costs associated with relocations. Moreover, the time-step for relo-
cating sensors should be sufficiently large for shifting sensors
across various potential locations.

Limitations

We now mention the limitations of the proposed approach for the
deployment of air quality sensors (in the discussion of future direc-
tions in the next section, we provide suggestions to address these
limitations). We assumed that the PM, 5 values used as inputs in
the optimization formulation are deterministic; thus, we do not
allow any provision for inaccuracies or uncertainty in PM, 5 values.
Moreover, we considered only a single type of sensor but there can
be various types of sensors based on their cost, accuracy, and other
factors—and considering that will also be important. There can be
several other real-world constraints that have not been considered
in this paper; for example, deploying a minimum number of sensors
at all times among a set of important locations (such as industrial
areas, congested roads, and others) might be required. When per-
forming traffic simulation with CTM to obtain PM, 5 values, we
assumed a single O-D pair, a particular demand distribution across
a day, and an equal distribution of traffic across all paths of the O-D
pair. However, these assumptions may not always hold in the real
world. Moreover, mesoscopic traffic simulators such as CTM are
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computationally more efficient than microscopic traffic simulators;
however, the former are less realistic than the latter and, thus, test-
ing with microscopic simulators may provide more realistic PM, 5
values. These assumptions related to traffic properties and traffic
simulation impact the obtained PM, s values; however, the pro-
posed optimization formulation can also handle PM,s values
obtained by other assumptions.

Conclusions

In this paper, we introduced a formulation for achieving the optimal
deployment of sensors that can be relocated over time for air pol-
lution monitoring to maximize the overall satisfaction function.
In this optimization problem, we consider constraints on the num-
ber of sensors deployed at any time-step and the maximum number
of relocations that can occur. We formulated this problem as a
nonlinear integer program. To efficiently solve the optimization
problem, we developed a genetic algorithm. We evaluated the per-
formance of this algorithm by comparing it with enumeration
(where all the feasible solutions are listed and the optimal solution
is determined). It is found that the objective function values ob-
tained by GA are very close to those obtained by enumeration, and
GA is computationally very efficient compared to enumeration for
the tested instances. We tested the developed algorithm for two case
studies. We first considered the case in which sensors are deployed
along a road network to focus on vehicular pollution, and the inputs
on PM, s values for optimal deployment of sensors were obtained
through traffic simulation. In this case study, we considered two
scenarios: first, when no link in the network is blocked and, second,
when one of the links is blocked. The blocked link scenario sim-
ulates conditions such as road blockage due to major accidents,
road maintenance activities, and others. We observed that when
a link is blocked, the distribution of PM, 5 values changed drasti-
cally across the road network, leading to sensor relocations to the
periphery of the network compared to the scenario in which the link
is not blocked. This shows the need to optimally relocate sensors to
take into account the time-varying dynamics of pollution. In the
second case study, we considered deploying sensors across differ-
ent locations in a city using real-world PM, 5 values as inputs for
optimal deployment. The PM, 5 values changed significantly in the
city during the duration of deployment; thus, there were several
locations in which sensors were relocated based on the solution
provided by the GA. Thus, this case study also highlights the need
to optimally deploy the sensors over time.

There can be several interesting future extensions of this work.
In this paper, we considered the ambient concentration values as
weights for different locations in the focused region; however, con-
sidering other weights such as mobility patterns, population, and
others while deploying sensors might be an interesting extension.
Considering factors such as wind direction and wind speed while
focusing on optimal deployment of sensors would also be an inter-
esting future extension. We suggested using sources such as traffic
simulation and satellite imaging to obtain estimates of concentra-
tion values. However, sources such as satellite-based imaging
and traffic simulation may not be that accurate in obtaining PM, 5
values compared to sensors; thus, one may update the estimates of
PM, 5 values across the network through the data obtained after
deploying sensors. Thus, one may extend this work to perform
real-time deployment of sensors by using algorithms that can
predict PM, 5 values in the near future. We did not consider any
provision for having inaccuracies or uncertainty in the input con-
centration values and considering that will also be an important
step. A possible approach is to consider the concentration values
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as stochastic to account for uncertainty in the concentration values.
Considering various types of sensors based on their cost, accuracy,
and other factors will also be important. The difference in sensor
costs can be incorporated by ensuring separate costs in the budget
constraint. There can also be placement-related constraints such as
the impracticability of deploying sensors at some locations (such as
open areas, areas near water bodies, and others) and the require-
ment of deploying sensors at important locations (such as industrial
areas, congested roads, and others). These constraints can also
be extended for time-varying conditions [from the static setting
of Ajnoti et al. (2024)]. When testing using multiple O-D pairs,
other demand distributions and traffic assignment procedures dur-
ing traffic simulation will also be an important step. Exploring mi-
croscopic traffic simulators such as Simulation of Urban Mobility
(SUMO), which provide more realistic traffic simulations, will also
be important. Testing the proposed formulation on a larger study
region with real-world data will provide richer visualization and
analysis of sensor relocations and, thus, will be an important future
study. Exploring recently developed machine learning-based opti-
mization approaches for the dynamic deployment of sensors is also
an interesting direction. Finally, testing the performance of the de-
veloped GA with other approaches such as commercial solvers is
also an important future direction.
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Notation

The following symbols are used in this paper:
el = concentration value of focused pollutant at location i for
time-step f;
d;; = distance between locations i and j;
d; = distance between location 7 and closest deployed sensor
from i in time-step f;
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G = maximum number of generations/iterations allowed in
GA;
g(d?) = satisfaction function of location i in time-step f;
k =number of sensors deployed at any time-step f;
N =total number of potential locations for sensor
deployment;
P =crossover probability in GA;
P,, = mutation probability in GA;
pi =binary variable equal to 0 if z/_;=z! and equal to 1
otherwise;
R =total number of relocations that can take place across T
time-steps;
T = maximum number of time-steps for which we focus on
deploying sensors in a given area;
V =set consisting of all potential locations for deployment of
sensors in a given area;
yij =binary variable equal to 1 if the closest location from i
that has a sensor deployed in time-step 7 is location j and
equal to O otherwise;
zi =binary variable equal to 1 if a sensor is deployed at
location i in time-step ¢ and equal to O otherwise; and
« = predetermined threshold for termination in GA.
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