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Abstract

Traffic sensors have been deployed for decades to freeways to meet the requirements of various
traffic/transportation applications, most noticeably traffic control and traveler information appli-
cations. A unique feature of traffic sensor deployment is that it is a continuous and evolving
process. That is, with new applications emerge, additional sensors are usually required to be de-
ployed to meet new requirements. This process is also sequential in nature as the new deployment
has to consider existing sensors. In this article, we propose a modeling framework to capture this
sequential decision-making process for traffic sensor deployment. The framework is based on the
Dynamic Programming (DP) model the authors recently developed for determining optimal sensor
deployment for freeway travel time estimation. We illustrate the framework using two applica-
tions: ramp metering control and travel time estimation. It is found that the proposed scheme can
appropriately capture the decision-making process of traffic sensor deployment, and can generate
optimal sensor placement at any stage by considering sensors that have already been deployed in
the field. The model is tested using GPS-enabled cell phone data on a real-world freeway route in
the San Francisco Bay Area.

1 Introduction

Intelligent Transportation Systems (ITS) applications rely on various types of data (such as traffic
flow, speed, or occupancy), which are usually collected through traffic sensors. For example,
freeway travel time estimation often requires speeds measured at certain locations. Traditionally,
many traffic sensors were deployed in a case by case base without a systematic study on where
and how many sensors to deploy to fulfill the needs of the applications 1. Since traffic sensors
are limited (usually expensive) resources, determination of best deployment strategies can help
maximize the value of this resource with minimum possible cost.

Recently, optimal sensor placement for providing traveler information especially travel times
has received much attention. Most of the studies in this line focused on empirical investigations,
i.e. by varying location and/or spacing of existing sensors, to study how sensor spacing impacts
the travel time estimation quality [3, 4, 5, 6, 7, 8, 9]. Although empirical studies can provide some
insights regarding information quality and the number of sensors, they could not provide reasoning
why sensors should be deployed at certain locations. More rigorous modeling on optimal sensor
placement can hopefully solve this issue, but is currently sparse in the literature. Sherali et al.
[10] propose a mixed-integer optimization model to determine optimal placement of vehicle identi-
fication readers for travel time estimation, although the model can only be solved approximately.
Bartin et al. [11] show that the optimal sensor placement for travel time estimation can be deter-
mined by minimizing the weighted summation of speed variations of all roadway segments, each
of which is associated with a sensor. A nearest neighbor (NN) algorithm was further developed

1One exception is the optimal sensor location problem for origin-destination matrix estimation, which has been
widely studied in the literature. See for example [1, 2] and references therein



in [11]. However, the NN algorithm is not guaranteed to provide a globally optimal solution in
polynomial time.

A dynamic programming (DP) model and a shortest-path based solution algorithm are proposed
in [12] to solve optimal sensor placement for freeway travel time estimation. The model is based
on the observation that under certain conditions sensor deployment can be conducted in a staged
process, in which the decision on one stage only depends on the starting state of that stage and not
on any previous stages. The DP model requires availability of vehicle trajectories, which are not
widely available in current practice. Therefore it is essentially an analysis framework. However,
with the advent of GPS-enabled smart-phone-based traffic monitoring, the DP model can be used
with probe vehicle data, which we will illustrate by using the Mobile Century data set, presented
in the last part of this article. It is further shown that the DP model can solve large scale sensor
deployment problems for travel time estimation to optimality in polynomial time.

Most previous studies on optimal sensor placement focuses on single applications only (e.g.
travel time estimation). 2 In reality, sensors are seldom used for single purposes. Ideally one
should consider all possible applications simultaneously and generate “optimal” sensor deployment
to meet requirements of all these applications. However, this is highly impractical because 1) new
applications always emerge and we cannot completely predict what will happen even for the near
future, and 2) many sensors have already been deployed in the field for various applications, which
we have to consider when deploying additional sensors for new applications. As a result, sensor
deployment in reality works in a sequential manner with sensors deployed at different stages for
different applications. One example of this is that freeway loop detectors were originally deployed
for traffic control purposes, mainly ramp metering control. However, as the need to generate and
disseminate traveler information emerged, they are now used ( and may be supplemented by new
sensors as well) to produce freeway travel time estimates.

In this article, we aim to model this sequential decision process. In particular, how can we make
informed (or optimal) decisions on sensor deployment for certain application given some sensors
have already been deployed? We illustrate the ideas using specific traffic control and traveler
information applications. For this purpose, the answers to the following questions are crucial:

(1) Suppose we have a freeway route with a number of existing sensors. Are the existing sensors
sufficient for traffic control purposes? If not, how to optimally supplement existing sensors
to achieve the desired control goal?

(2) If the answers to (1) are affirmative, are the sensors sufficient for providing traveler informa-
tion such as estimating travel times? If not, how to optimally supplement them to achieve
desired quality of traveler information?

Notice that we group the questions as first for traffic control and then for traveler information
applications. This is because we believe that these two types of applications have different priorities.
At least from traffic management point of view, effective and efficient traffic management and
control is the first priority. This is due to the following two reasons. First, historically traffic
control and management is the focus of most traffic management agencies (like DOTs). This
is true even when traveler information is becoming more crucial nowadays. Second and more
importantly, a well managed and operated transportation system is more predictable and is thus
the basis of effective traveler information. It is hard to imagine that traveler information will have
significant value on a poorly managed transportation system. Therefore, we need to solve sensor
placement for traffic control applications first. This is actually what is happening now: there

2One exception is Eisenman et al. [13] who provide an information learning based conceptual framework of
sensor placement for various applications. But the framework is too general to be practically implementable.
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are already some sensors in place (most likely for some traffic control purposes) and we need to
optimally enhance these sensors for new applications (e.g. traveler information applications).

In this article, we try to answer the above two questions in a sequential yet coherent manner.
In particular, we focus on two applications: freeway ramp metering control and providing freeway
travel times. The key is the modeling ability to optimally add additional sensors to the field if
needed to meet the requirements of new applications. In this article, we show that the DP model
developed in [12] can be extended to determine optimal sensor placement for other applications such
as occupancy estimation. Furthermore, it is able to consider existing sensors when determining
the optimal locations of new sensors. In Section 2, the DP model and solution algorithm is briefly
described, together with the method of how to optimally incorporate existing sensors. The ramp
metering control application is discussed in Section 3. In this article, we focus on SWARM [14]
which requires freeway mainline occupancy as the major input. SWARM also requires sensors
at fixed locations (usually upstream) for each on-ramp, and we will then show how to determine
the optimal locations of additional sensors to have appropriate estimation of freeway occupancy.
Travel time application is presented in Section 4. Section 5 focuses on numerical examples based on
a segment of I-880 in the San Francisco Bay Area. The data are obtained from a field experiment
which deployed for 10 hours 100 cars equipped with GPS-enabled cellular phones to collect traffic
data along the segment of freeway. We conclude our work in Section 6.

2 Dynamic Programming Model for Optimal Sensor Place-
ment

2.1 A DP Model

Denote the study freeway segment as route r with length L. Assume the duration of the study
period is T . WSe discretize time into intervals and space into sections. Each interval has fixed
duration ∆t such as 30 seconds; each section has also fixed length ∆x such as 50 or 100 feet. We
assume L = N∆x and T = H∆t, i.e. we have in total N sections and H time intervals. Given
this setting, suppose we are interested in some generic traffic measurement which could be for
example speed, occupancy, etc. In particular, we denote the ground-truth measurement at time t
(1 ≤ t ≤ H) and section n (1 ≤ n ≤ N) as u(n, t). Assume we are to deploy K sensors to route
r and in general K ¿ N . Further denote the estimated measurement at time t and section n is
ū(n, t), which is generated by the sensors. Here we assume that sensors should be deployed to
minimize the deviation between the ground-truth and estimated measurements. A commonly used
metric is the mean square error (MSE), defined as follows:

E =
∑N

n=1

∑H
t=1(u(n, t)− ū(n, t))2

NH
. (1)

In this article, E is the objective function that will be used to determine the optimal sensor
placement. Now the question is how the estimated measurements are obtained given sensor place-
ment. We adopt a simple yet practical scheme: each sensor is associated with a spatial influence
area, called a link. Each link contains one or multiple sections and the link boundaries are the
section boundaries. We assume the estimated measurement of every section within a link is iden-
tical to the measurement collected by the sensor associated with the link. This is illustrated in
Figure 1, which depicts a route with 7 sections numbered 1 - 7. The three sensors are denoted
as I, II, III. Sensor I is associated with a link that contains sections 1-3, the link of sensor II
contains section 4, and sections 5-7 are for the link associated with sensor III. The ground-truth
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and estimated measurements for a given time t are shown using two curves at the top of Figure
1. Notice that since sensor I is deployed at section 2, the sensor-generated measurement by I is
u(2, t) for any time interval t. In other words, we assume in this article that sensors are “perfect”
in detecting the measurement. As a result, the estimated measurements for the first three sections
are ū(i, t) = u(2, t),∀1 ≤ i ≤ 3. Similarly, we have ū(4, t) = u(4, t) and ū(i, t) = u(6, t),∀5 ≤ i ≤ 7.
That is, the estimated measurement at one section at time t is the ground-truth measurement
at another section (maybe itself) at the same time. The resulting estimated measurements are
represented using the step-wise curve since we assume the sensor measurement is uniform across
its associated link. The optimal sensor placement should then minimize the deviation of the two
curves over all time intervals.

Figure 1: Calculation of Estimated Measurements

If we further assume that a sensor is always in the middle of its associated link, we can then
convert the optimal sensor placement problem to a problem that aims to determine the optimal
link starting and ending locations. Clearly the starting and ending locations of link k (1 ≤ k ≤ K)
coincide with sections, denoted as sk and yk respectively. The objective function E in (1) can then
be rewritten as:

E =

∑K
k=1

∑
sk≤n≤yk

∑H
t=1(u(n, t)− ū(n, t))2

NH
=

K∑

k=1

Ek(sk, yk). (2)

In the above equation, Ek is the MSE of measurements for link k which is a function of the
starting and ending link locations sk, yk only. Specifically, Ek can be defined as:

Ek(sk, yk) =

∑
sk≤n≤yk

∑H
t=1(u(n, t)− ū(n, t))2

NH
. (3)

We assume a set of vehicle trajectories are available for the study route from which u(n, t) can
be estimated for any (n, t) pair. Under this assumption, Ek(sk, yk) is computable for any given
starting and ending location sk, yk. As a result, the optimal values of sk, yk, 1 ≤ k ≤ K can be
obtained via solving the following integer programming problem:
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min1≤sk,yk≤N,k=1,...,K

K∑

k=1

Ek(sk, yk). (4)

s.t. s1 = 1 (5)
yK = N. (6)

sk+1 = yk + 1. (7)
k ≤ sk ≤ yk ≤ N −K + k. (8)

Here (5) - (8) are constraints for sensor placement. Equations (5) and (6) hold because the
first link must start at section 1 and the last link (link K) must end at section N . Equation (7)
holds since knowing the ending section of link k (yk), the starting section of link (k + 1) must be
the next section (yk + 1). This is called state transfer. The first inequality of (8) holds since there
are k− 1 links before link k, which contain at least k− 1 sections. Similarly, the last inequality of
(8) holds since there are K − k links after link k, which contain at least K − k sections.

Solving the above integer programming problem for large scale problems is not tractable. In
this article, we convert the problem to a DP model by 1) dividing the problem into K stages (one
sensor is deployed in each stage), 2) defining sk as the state variable and yk as the decision variable
of stage k, and 3) assuming the cost at each stage is the link MSE (Ek as defined in (3)). Under
this setting, it is clear to see that the decision at stage k (i.e. the value of yk) is only determined
by the state variable of the stage (i.e. sk) since the objective to deploy sensor k at this stage is to
minimize Ek which is a function of sk and yk only. This observation leads to a DP formulation of
the problem. Further define Fk(sk) as the total cost from stage k (including stage k) to the last
stage (i.e. stage K). Then a recursive formulation exists for Fk(sk) as follows:

F1(s1) = F1(1) = min1≤y1≤N−K+1 {E1(1, y1) + F2(y1 + 1)} , (9)
Fk(sk) = minsk≤yk≤N−K+k {Ek(sk, yk) + Fk+1(yk + 1)} , 2 ≤ k ≤ K − 1, (10)

FK(sK) = Ek(sK , N). (11)

It can be shown that solving (4) - (8) is equivalent to solve these three recursive equations
which satisfy the optimality principle of DP [12].

2.2 A Graph-Based Solution Algorithm

The DP model (9) - (11) can be represented as a graph shown in Figure 2(a). In the figure,
stages are listed horizontally and sections are listed vertically. The state of a stage represents the
starting section of the link associated with the stage. In this figure, all possible states of a stage
are represented as nodes. In other words, a node represents a section of the roadway, and the node
number is the section number. For example, the node at stage 2 and Section 2 represents that the
starting location of link 2 could be section 2. As mentioned before (especially equations (5) - (8)),
there is only one state in stage 1 (s1 = 1) and (N −K + 1) states (from k to N −K + k) for stage
k = 2, . . . , K. We further create a fake stage as stage K + 1 that has only one fake state N + 1.

A connection, denoted as an arc, may be created from a node in stage k to another node in
the immediate next stage k + 1 if the latter node has a higher node number. Each arc actually
represents a possible roadway link by defining the link’s starting and ending sections. That is, an
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Figure 2: The DP Model

arc from node sk in stage k to node sk+1 in stage k + 1 represents one possible configuration for
link k: it starts at section sk and ends at section sk+1 − 1 because the next link starts at sk+1.
Therefore, we must have sk+1 > sk in order to construct the arc. For example, the arc from node
2 in stage 2 to node 4 in stage 3 (marked in bold line) in Figure 2(a) means that one possible
configuration for link 2: it starts at node 2 and ends at node 3 (both are inclusive). Therefore,
there should be no arc from node 4 in stage 2 to node 4 or lower in stage 3. Furthermore, there
are no arcs between any two stages that are not adjacent to each other. We also associate a cost
with each arc in Figure 2(a). For the arc from node sk in stage k to node sk+1 in stage k + 1, the
arc cost is Ek(sk, sk+1 − 1) as computed in (3). In other words, the cost of an arc is the MSE of
travel time estimation for its corresponding roadway link.

It is easy to check that the graph constructed in the above manner enumerates all possible states
in each stage (1 to K) and all possible configurations (i.e., the starting and ending locations) of
each link. It also incorporates all the constraints of the model shown in equations (5) - (8). More
importantly, each path from node 1 in stage 1 to node N + 1 in stage K + 1 contains exactly K
arcs, each of which represents a possible configuration of a particular roadway link (i.e. its starting
and ending sections). In other words, each path represents a potential sensor deployment scenario.
Therefore the optimal sensor locations can be achieved by finding the minimum-cost path from
node 1 in stage 1 to node N + 1 in stage K + 1. Since all arc costs are positive, the DP model
can be solved by a shortest-path search algorithm. Furthermore, the time complexity of solving
the DP is O(KN2) if N À K À 2, which is polynomial.

2.3 Consideration of Existing Sensors

One feature of the DP model and its graph-based solution approach is that existing sensors can
be easily considered. In this case, we make a simple adjustment to the dynamic programming
graph representation of the solution space. First, we match all existing sensors to the appropriate
section they reside in. Then, every possible link (represented as an arc in the graph) that covers a
section with an existing sensor in it but does not have the existing sensor at the center of the link
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is removed from consideration as a possible choice in the final solution. The reason for this is that
we assume a sensor must be in the middle of its associated link.

As an example, Figure 2(b) shows a highway segment that is broken down into 6 sections.
Suppose that we already have a sensor in section 2. If this is the case, then we cannot consider
links that cover section 2 but do not have section 2 as the middle of the link. This means that a
link covering sections 1 through 4 would not be permissible in the solution (because that would
imply a sensor in 3 and not on section 2 based on the fact that a sensor must be in the middle
of its associated link). This also implies that the arc from node 1 in stage 1 to node 5 in stage 2
in the DP graph should be eliminated. On the other hand, a link covering sections 1 through 3
would be permissible, implying that the arc from node 1 in stage 1 to node 4 in stage 2 should be
included. This is also the case for the arc from node 1 in stage 1 to node 2 in stage 2, and the arc
from node 1 in stage 1 to node 3 in stage 2. Furthermore, the arcs from node 2 in stage 2 to nodes
4, 5, and 6 in stage 3 should all be eliminated. The graph in Figure 2(b) shows the adjusted DP
graph after removing all impermissible links.

As a result, to account for existing sensors, one can use a simple linear search on all of the
links to identify which ones to remove, and then uses the shortest path algorithm described in
Section 2.2 to compute the final solution on the adjusted graph. Therefore, the complexity of the
algorithm remains the same as the original DP algorithm, i.e. O(KN2) for N À K À 2. The DP
model and graph-based solution technique presented in this section is general and may be applied
to freeway speeds, occupancies, and travel times. The only difference for different applications is
how the objective function is defined, especially the link MSE Ek as defined in (3). In the next
two sections, we discuss how the model can be used for ramp metering and freeway travel time
applications.

3 Optimal Sensor Placement for Ramp Metering

3.1 Ramp Metering Background and History

Ramp metering has been recognized as an effective freeway management strategy to avoid or
ameliorate freeway traffic congestion by limiting access to the freeway. The benefits of ramp
metering are:

(1) Restrict vehicles entering freeway by temporarily storing them on the ramps in order to
ensure that mainline freeway is operated within capacity and thus prevent congestion.

(2) Break up platoons of vehicles entering freeways in order for vehicles from onramps to merge
to the freeway mainline more easily and thus enhance safety.

(3) Divert vehicles that cannot afford waiting on the onramps to other routes and thus reduce
demand to the freeway.

In practice, methods of metering operation can be divided into two primary categories: fixed-
time (or pre-timed) control and adaptive (or traffic responsive) control. Pre-timed control utilizes
Time-of-Day metering rates that are pre-determined to best manage “expected” conditions based
on an analysis of historical data. Adaptive control dynamically modifies metering rates based
on real-time traffic data, thus, conceptually allowing for better responses to variations in traffic
conditions.

7



The adaptive or traffic responsive ramp metering control can be further classified as local
traffic responsive control and coordinated traffic responsive control. Local traffic responsive control
determines metering rates based on current prevailing mainline traffic conditions in the vicinity of
the ramp. Examples are demand-capacity control, occupancy control, and feedback control [15].
Coordinated traffic responsive control determines metering rates based on the prevailing traffic
conditions of an extended section of roadway. Notable instances include ZONE in Minnesota,
BOTTLENECK in Washington, and SWARM in California and Oregon [16, 17].

3.2 Sensor and Data Requirement for Ramp Metering

Local traffic-responsive ramp metering control needs to obtain traffic condition data from sensors
on the freeway mainline. Typically, these sensors are required to be placed upstream of the ramp.
This requirement applies to many ramp metering systems deployed in the real world, such as the
three metering systems in California: Semi-Actuated Traffic Management System (SATMS), San
Diego Ramp Metering System (SDRMS), and Traffic Operations System (TOS). All three systems
need mainline traffic flow and occupancy data to operate.

Coordinated traffic-responsive ramp metering control seeks to optimize a multiple-ramp section
of a highway, often with the control of flow or occupancy through a bottleneck as the ultimate
goal. Typically, sensors are needed to be placed to the mainline freeway evenly at a certain space
and/or at bottleneck locations. For example, ZONE needs volume data; BOTTLENECK needs
occupancy data; SWARM needs either volume and/or occupancy data.

By looking at the type of data requirement, it is found that occupancy data are widely used and
required by most ramp metering algorithms. In this article, we focus on SWARM and investigate
how sensors can be deployed to better facilitate this metering algorithm.

3.3 Optimal Sensor Placement for SWARM

SWARM is a system-level ramp metering system. It is operated as a central ramp metering
system at Traffic Management Center (TMC). SWARM has four algorithms, SWARM 1, SWARM
2a, SWARM 2b, and SWARM 2c. A meter operated under SWARM can be set up to use either
of them or the combination of them. SWARM needs a mainline sensors to be placed upstream
of each onramp. In order for SWARM 2b and 2c to work appropriately, as shown in Figure
3(a), SWARM requires a sensor located upstream of the ramp and another located downstream
of the ramp. The mainline sensor upstream of the next onramp can be used as the ”downstream”
sensor, as shown in Figure 3(b). However, this relaxation will not work well if thee is a bottleneck,
caused by either lane drop or strong weaving or merging, between the two mainline upstream
sensor. As a result, we assume that the upstream sensors of all onramps as given (since they
have to be deployed as a requirement by the algorithm); the downstream sensors however need
to be “optimally” determined in terms of both numbers and actual locations to better estimate
the mainline occupancy. As discussed in Section 2, the objective is to minimize the deviation of
ground-truth and estimated mainline occupancy, as defined as follows:

Ec =
K∑

k=1

Ec
k(sk, yk). (12)

Here Ec denotes the objective function for ramp metering (i.e. for occupancy) and Ec
k is the

MSE of occupancy for link k which can be defined as:
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Ec
k(sk, yk) =

∑
sk≤n≤yk

∑H
t=1(o(n, t)− ō(n, t))2

NH
. (13)

We use o(n, t) and ō(n, t) to denote respectively the ground truth and estimated occupancies
at section n and time t.

(a) Normal Sensor requirement for SWARM 2c

(b) Relaxed Sensor requirement for SWARM 2c

Figure 3: Sensor Placement Requirement for SWARM Ramp Metering Algorithm

4 Optimal Sensor Placement for Freeway Travel Time Esti-
mation

Detailed discussions on how to apply the DP model to determine optimal sensor deployment
for freeway travel time estimation are provided in [12]. In this section, we briefly discuss how
the objective function is defined. For this purpose, we first denote respectively τ̂m

k and τm
k the

estimated and actual travel times of the m-th vehicle (1 ≤ m ≤ M) traveling link k (1 ≤ k ≤ K),
and M is the total number of vehicles. The travel time estimation error for the m-th vehicle on
link k, denoted as em

k , can be expressed as:

em
k = τ̂m

k − τm
k . (14)

We then use the same objective function as that in [11, 12], which is defined as follows:

Et =
∑M

m=1

∑K
k=1(e

m
k )2

M
=

K∑

k=1

Et
k. (15)

Here Et represents the objective function for travel time estimation. Et
k is the Mean Square

Error (MSE) of the travel time estimation for all M vehicles for link k, defined as:

Et
k =

∑M
m=1(e

m
k )2

M
. (16)
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The objective defined in (15) focuses on estimation errors of all individual links, instead of
only on the entire route. The reason for this is that we want to generate sensor locations that can
provide “good” estimates for all link travel times, not only in terms of the entire route. If attention
is only put on the entire route, it is possible that the resulting sensor locations may underestimate
travel times for certain links and overestimate for other links; but as a whole, they cancel out each
other and provide good estimation. This type of sensor placement is not desirable. It is easy to see
that the objective function we use here can effectively eliminate such sensor deployment strategies
since they will lead to large objective values using equation (15). In [12], it is shown that this
objective function definition is effective to generate sensor placement that is optimal to both the
(entire) route r and its sub-routes.

5 Case Studies

We present a case study in this section to illustrate how the optimal sensor placement can be
determined by considering ramp metering and travel time estimation in a sequential manner. The
case study is based on Mobile Century data. Mobile Century is an experiment performed on
February 8th, 2008, in which 165 drivers drove 100 vehicles on Interstate 880 (see Figure 4) for 10
hours in loops of length 5.5 to 10 miles [18, 19]. The experiment involved each vehicle carrying
a Nokia N95 GPS-enabled smartphone, transmitting in real time loop detector-like data (called
VTL data for Virtual Trip Line), which consists of speed readings at GPS-defined locations upon
crossing of the locations. These VTLs represent “virtual” loop detectors, which are smartphone-
based and may be used by phone manufacturers and access providers to monitor traffic in the near
future. The experiment achieved a 2% to 5% penetration rate on the highway throughout the day,
thus mimicking smartphone penetration in the driving population in about 18 months. In addition
to this online transmitted data, each of the GPS logs collected by the phones at a 1/3 Hz rate was
saved in the memory of the phone. While using trajectory data is not part of the Mobile Century
technology development plan, this archival data collected from the experiment can be of great use
for traffic modeling and analysis (as will be shown later in this section).

We select the shorter loop from CA-84 (postmile 20) to Tennyson St (post mile 25.5) as the
study site in this article. The two circles in Figure 4 show the starting and ending locations of
the route, which is about 5.5 miles. There are five major interchanges along this route at Decoto
Rd, Alvarado Blvd, Alvarado Niles Rd, Wipple Rd, and Industrial Pkwy respectively. All the
on-ramps to I-880 at these five locations are metered. The currently deployed ramp metering
strategy is TOS, which is local responsive. TOS may be upgraded in the future to system-wide
metering strategies. In this article, we select SWARM as one alternative for system-wide metering
scheme. Since upstream sensors are required by SWARM (see Section 3.3), we consider the nearest
upstream mainline sensor at each major interchange as existing sensors. Their locations are marked
using solid lines in Figure 4 together with their exact location in postmile.

If we evaluate equation (2) for the five existing sensors for occupancy, the resulting objective
value (we take the square root of (2) hereafter in this article so that the objective value has the
same unit as the traffic measurement, i.e. occupancy or travel time) is 0.0264 (2.64%). This
implies that the average deviation between the ground-truth occupancy (calculated using vehicle
trajectories from Mobile Century) and the estimated occupancy (estimated using the scheme in
Section 2.1) is 2.64%. For illustration purpose, suppose we require the deviation must be less than
0.0225 (2.25%). We will then need to add more sensors to this route. As shown in Section 2.3,
the optimal placement of additional sensors can be determined using the DP model. The result
shows that adding 4 additional sensors will service the purpose and the deviation is reduced to
0.0224 (2.24%). Figure 5 depicts (using the line marked as “Occ”) how the occupancy objective
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Figure 4: Study Site of the Case Study (Source: maps.google.com)

value changes as the number of sensors increases from 5 to 9. The reduction of the objective value
is monotonic (meaning the estimation quality is improved with more sensors deployed) which is a
desirable feature of the DP algorithm.

Figure 5: Change of Objective Values vs. Number of Sensors

After satisfying the ramp metering application requirement, we now focus on the travel time
estimation application. The nine sensors produce an objective value of 143.8 seconds based on
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equation (16). If we require the objective value for travel time must be less than 80 seconds (which
represents about 13% error since the travel time of the entire route is about 10 minutes, i.e. 600
seconds). It turns out that 9 additional sensors are needed, resulting in 18 sensors in total for this
segment. The line marked with “tt” in Figure 5 illustrates how the travel time objective value
changes as the number of sensors increases from 9 (as a result of ramp metering requirement) to
18. Again, the decrease of the travel time estimation error is monotonic. We show the actual
locations of the 18 sensors in Table 1. The second column of the table lists the exact postmiles of
the 18 sensors, while columns 3-5 indicate using “

√
” whether a particular sensor is considered as

existing or generated for ramp metering or for travel time estimation.

Sensor Index PM Existing Sensors Ramp Metering Travel Time
1 20.51

√
2 21.28

√
3 22.1

√
4 22.98

√
5 23.33

√
6 23.68

√
7 24.01

√
8 24.12

√
9 24.24

√
10 24.31

√
11 24.4

√
12 24.48

√
13 24.57

√
14 24.71

√
15 24.8

√
16 25.01

√
17 25.3

√
18 25.45

√

Table 1: Optimal Sensor Locations for the Case Study

The dashed arrows in Figure 5 depict how the objective values for the two applications change
as the number of sensors increases. Notice that we first focus on ramp metering application (as
marked as “RM”) which has higher priority. As we reach the stage when we have 9 sensors, the
ramp metering requirement is met. This is the time when we switch our focus to travel time
estimation. The vertical dashed arrow indicates this switch and the 9 sensors from the ramp
metering application is the “existing” sensors for travel time estimation. After the switch, we
concentrate on the travel time application as marked by “TT.” Notice that finally we deploy
18 sensors, which satisfy the requirements for both ramp metering and travel time estimation
applications. It is the authors’ understanding that the above decision-making process is more
closely related to what is happening in practice.

To show whether the generated sensor placement makes sense, we associate the sensor locations
with the speed contour map of the route. Figure 6 depicts the speed contour map of the route with
darker color representing more congested areas. It is clear that the major congestion area is roughly
from PM 23.5 to 25.5. The triangles on the y-axis of the figure shows the sensor locations for 9
sensors. By comparing the locations of existing five sensors in Figure 4 (also shown in Table 1), we
can see that only 1 additional sensor is deployed to the free flow area (at PM 22.1) and the other
3 sensors are all deployed to the congestion area (at PM 24.24, 24.8, and 25.3 respectively). This
intuitively makes sense since traffic conditions at congestion areas are usually more complicated
which need to be captured by additional sensors.
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Figure 6: Optimal Sensor Placement vs. Speed Contour Map (9 Sensors)

We further depict in Figure 7 the generated sensor locations by the DP model as we go through
the entire process, i.e. by increasing the number of sensors from 5 (the beginning state) to 18 (which
satisfies both the ramp metering and travel time estimation). In the figure, asterisks represent the
locations of sensors. We can see that as more sensors are deployed, most of them are deployed to
the congestion area (PM 23.5 to 25.5); only 1 (up to 11 sensors in total) or 2 (12 sensors or above
in total) additional sensors are deployed into the free flow area. More importantly, as additional
sensors are added in, the locations of previously deployed sensors in congestion areas remain almost
unchanged. This is illustrated using the solid thin lines in the figure (dashed lines indicate the
locations of the five existing sensors), which show that locations of newly deployed sensors just
“branch out” from existing sensors in congestion areas. This implies that the DP algorithm has
the ability to capture the most significant congestion area and if more sensors are available, the
second most significant congestion area will be captured and so on. The locations of sensors in
free flow areas however may change since the speeds detected in free flow areas are not sensitive
to the actual sensor locations. The above discussions illustrate the close correlation between the
optimal sensor locations generated by the DP algorithm and the congestion areas of the network.
They also show that the results from DP are stable and predictable, which is desirable in practice.

To illustrate that the generated optimal sensor placement is superior to that generated by purely
engineering judgement, we compare the performance of the model-generated sensor placement
with sensors that have already deployed in the field along the study route. As shown on PeMS
(Performance Measurement Systems, [20]), there are 13 sensors deployed on I-880 NB for the
study route (i.e. from PM 20 to 25.5). By evaluating the objective value of these 13 sensors using
equation (15), we can obtain that the estimation error is about 159.50 seconds, roughly 26.6% (the
route travel time is 10 minutes). Now we assume we have these 13 sensors but will place them at
different locations based on the DP model. This results in an estimation error of 107.70 seconds,
approximately 18.0%, which can be seen from Figure 5. In other words, the modeling framework
proposed in this article could potentially improve the travel time estimation quality by 8.6% by
having installed those sensors at more appropriate locations, and without any other extra cost. We
notice that this comparison only considers ramp metering and travel time estimation. However, it
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Figure 7: Evolution of Optimal Sensor Locations (from 5 to 18 Sensors)

is evident from the comparison that the benefit of using the proposed framework is significant.

6 Conclusion

We proposed a modeling framework to study optimal traffic sensor placement. The proposed
method aims to capture the fact that traffic sensor deployment in reality is a continuous, evolving,
and sequential process, i.e. the placement of additional sensors for new applications has to consider
sensors that have already been deployed. In this article, we adopted the Dynamic Programming
(DP) modeling framework recently developed by the authors for optimal sensor deployment, which
has the capability to optimally deploy additional sensors by considering existing sensors. For
two traffic applications: ramp metering and travel time estimation, we showed, using the Mobile
Century GPS data on a real-world freeway route, that the proposed framework can generate optimal
sensor placement for both applications in a sequential yet coherent manner. The generated optimal
sensor placement matches well with the congestion areas of the study route, which further shows
that the placement is reasonable. The optimal placement generated by the model is also superior
to existing sensor placement in terms of providing better estimates to freeway travel times.

The proposed method and algorithm need to be further tested and validated on more and larger
real-world traffic applications. Research in this direction will be pursued in future work and results
will be reported in subsequent articles.
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