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Most previous work focuses on evacuation (for instance,
see [3]; [4]; [5]), although some literature addresses
contraflow lanes for peak hour demand. Zhou et al. [6] and
Xue and Dong [7] use machine learning techniques to decide
when to use contraflow for a bottleneck link. Meng et al. [8]
use a bi-level formulation, with traffic assignment as the
subproblem, because the driver response to contraflow lanes
results affects the user equilibrium (UE).

Abstract—Transformative technologies such as autonomous
vehicles (AVs) create an opportunity to reinvent features of the
traffic network to improve efficiency. The focus of this work is
dynamic lane reversal: using AV communications and
behavior to change the direction vehicles are allowed to travel
on a road lane with much greater frequency than would be
possible with human drivers. This work presents a novel
methodology based on the linear programming formulation of
dynamic traffic assignment using the cell transmission model
for solving the system optimal (SO) problem. The SO
assignment is chosen because the communications and
behavior protocols necessary to operate AV intersection and
lane reversal controls could be used to assign routes and
optimize network performance. This work expands the model
to determine the optimal direction of lanes at small space-time
intervals. Model assumptions are outlined and discussed.
Results demonstrate the model and explore the dynamic
demand scenarios which are most conducive to increasing
system efficiency with dynamic lane reversal.

To address the limitations of contraflow lanes,
Hausknecht et al. [9] proposed DLR for AVs. They studied
two models: first, DLR in a micro-simulation with lane
direction decided by road saturation; and second, a bi-level
problem for deciding lane direction in static flow context
with traffic assignment as the subproblem. However, both of
these models focused on stationary demand. The goal of this
paper therefore is to develop a DLR model responsive to
time-varying demand. In scenarios such as a congested
downtown grid, different directions may become
oversaturated at different times in the AM or PM peak.
Depending on network topology, demand does not
necessarily prefer a single direction. These conditions
warrant a more adaptive policy to dynamic lane reversal as
well as an aggregate but dynamic flow model for studying
larger networks.
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I. INTRODUCTION
Technological advances in autonomous vehicles (AVs)
introduce the possibility of new communication and behavior
protocols that could significantly improve traffic efficiency.
For example, researchers have shown that the reservationbased control [1] reduces intersection delays under a variety
of traffic demand scenarios [2]. Another proposed protocol
with great potential, and the focus of the current work, is
dynamic lane reversal (DLR), which can be described as
frequent changes to the direction vehicles are permitted to
travel on a lane in response to dynamic traffic conditions.

To address these objectives, this paper uses the cell
transmission model (CTM) proposed by Daganzo [10], [11].
CTM is frequently applied in dynamic traffic assignment
(DTA) models. CTM captures traffic waves while being
computationally tractable for larger networks. It also admits
space-time dependent fundamental diagrams, which are
necessary for modeling DLR. Because efficiency may be
improved by partial lane reversal, such as through a
temporary turning bay, lane reversal is decided at the cell
level.

The concept of DLR stems from contraflow lanes used in
evacuation scenarios and reversible lanes which are used to
alleviate peak hour congestion in many locations. One
example is the Sydney Harbour Bridge, which has eight
lanes, of which three change direction daily for morning and
evening peak traffic. ne greatest challenge for contraflow
lanes that limits the timeframe of application is the reaction
of human drivers. Drivers who do not respond appropriately
will at best negate the benefits, and at worse could cause a
head-on collision. Consequently, rapid direction changes are
not available for contraflow lanes.
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Because UE behavior can be a significant obstacle to
improving system efficiency, as demonstrated by the Braess
paradox [12], we assume that route choice is assigned by a
system manager resulting in system optimal (SO) conditions.
For AVs in communication with intersection managers to
facilitate intersection reservations and DLR, it is feasible for
AVs to follow assigned routes. In a future where all vehicles
are autonomous, policymakers may require vehicles to
follow SO routes. UE behavior also makes the problem more
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travelers leaving home for work, or leaving work for home,
is fairly consistent, and the origin/destination may be
specified in advance. Additionally, a centralized network
manager may log vehicle travel in a consistent manner to
predict demand.

complex: to find the optimal DLR policy when vehicles
route themselves requires solving DTA as a subproblem to
DLR. Therefore, this work focuses on the SO version of the
problem.
The contributions of this paper are summarized by the
following:

For simplicity of modeling lane changing and turning
movement behavior, we model all lanes in one direction as
being contiguous. Therefore, the lane direction problem
reduces to specifying the number of lanes in each direction
for each pair of cells. For any link ሾܽǡ ܾሿ, we say it is paired
with link ሾܾǡ ܽሿ if ሾܽǡ ܾሿ and ሾܾǡ ܽሿ have the same length and
free flow speed. This would result in each link in the pair
having the same number of cells, with each cell ݅  אሾܽǡ ܾሿ
having a corresponding cell ശଓ  אሾܾǡ ܽሿ in the opposite
direction. Establishing the pairing of cells and links is
necessary to determine the number of lanes available for
allocation.

• We develop a system optimal dynamic traffic assignment
model incorporating dynamic lane reversal (DLRSODTA) in order to demonstrate the potential and
feasibility of DLR
• We formulate the model using a mixed integer linear
program (MILP) based on a well-established SODTA
model[13]. This application solves the optimization
problem for lane allocation as part of the combined DLR
and SO assignment problem.
• We use this model to find the optimal lane allocation at
different times for varying demand scenarios and
compare these results with the fixed lane scenario.

B. Formulation
The MILP is based on the SO linear program (LP) for CTM
by Ziliaskopoulos [14] for a single destination and Li et al.
(2003) for more general networks. The SODTA formulation
by Ziliaskopoulos has been widely applied in a number of
research applications [15]. CTM more realistically
propagates traffic than alternative approaches relying on link
performance functions. It faces challenges due to the size of
the
linear
program,
the
“holding back” phenomenon [16] , and in multi-destination
applications, FIFO violations [17]. While addressing these
issues is beyond the scope of the current work, it is possible
that in a network comprised solely of AVs, the latter two
could represent realistic behavior.

The remainder of this paper is organized as follows. Section
II introduces the DLR constraints and decision variables to
develop the MILP model. Section III presents the potential
improvement on a bottleneck link with varying demand.
Conclusions are discussed in Section IV.
II. METHODOLOGY
A. Assumptions
AV behavior using current road technology has yet to be
well-defined. Additionally, behaviors using proposed
technologies that exist only in concept such as reservationbased intersections or DLR are even less established.
Therefore, we make the following assumptions about vehicle
behavior in this model:

The addition of the number of lanes per cell, assumed to
be integer, requires an MILP as opposed to an LP. In
preparation for the formulation, let  ܥbe the set of cells and ܧ
the set of cell connectors. Let  ܥ ؿ ୖܥand ܥୗ  ܥ ؿbe the sets
of origin and destination cells, respectively. Let ܶ be the set
of discrete time intervals. Without loss of generality, and for
simplicity of notation, let the timestep be ͳ. To define cell
transitions, let Ȟ ି ሺ݅ሻ and Ȟ ା ሺ݅ሻ be the sets of preceding and
succeeding cells to cell ݅. For the fundamental diagram, let
ܰ௧ be the maximum number of vehicles that can fit in cell ݅
per lane at time  ݐand let ܳ௧ be the capacity per lane for cell
݅ at time ݐ. As with Daganzo’s [10] CTM, this model uses
the
trapezoidal
fundamental
diagram
Ȳ௧ ሺݔሻ ൌ ሼݔǡ ܳ௧ ǡ ݓሺܰ െ ݔሻሽ , where  ݓis backwards
௧
wave speed. Let ݀௦
be the demand for ሺݎǡ ݏሻ  ୖܥ אൈ ܥୗ at
time  ݐ. Let ܲ be a set of all pairs of corresponding cells
ሺܽǡ ܾሻ.

1) All vehicles are AVs. The additional complexities of
DLR with human drivers are outside the scope of this paper
and will be explored in future work.
2) SO behavior. As mentioned previously, AVs already
follow substantial communications and behavior protocols.
They may also be required to follow an assigned route in
order to optimize system performance in a previously
unachievable manner. This assumption is beneficial because
it implies that the locations of vehicles in the network can be
predicted and the lane configuration can be solved as an
optimization problem. The UE assumption presents a greater
challenge that will be the subject of future work.
3) Required lane changing. We assume that vehicles may
be required to change lanes up to Ɉ times per timestep. For
example, a common CTM timestep of 6 seconds with free
flow speed of 48 km per hour results in a cell length of 80 m.
Thus, a 6 second timestep should be sufficient for at least
one lane change.

௧
The decision variables are cell density ݔ௦ǡ
, cell
௧
transition flows ݕ௦ǡ from ݅  ܥ אto ݆  ܥ אper origindestination pair ሺݎǡ ݏሻ at time ݐ, and the number of lanes per
cell ݈௧ . Including the number of lanes as a decision variable
is one of the advantages of this model.

4) Perfect information of demand. Finding the SO
assignment requires some knowledge of future demand. We
assume demand is known perfectly. This is reasonable for
peak hours, during which DLR has the greatest potential to
reduce congestion. During peak hours, the departure time for

The objective of the DLR-SODTA model is to minimize
total system travel time, which due to the CTM assumptions,
is simply the summation of the density of each cell over all
time steps. This results in the following MILP:
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௧
 ܼ ൌ σሺǡ௦ሻא ൈ σ௧ ்אσא̳ ݔ௦ǡ

(16)
א ௧்א
݈௧ ൌ ݈ҧ
for some ݈ҧ ’s satisfying ݈ҧ  ݈ҧ  ܮ and ݈  Ͳ א . Let
ܼҧ  כbe the optimal solution with corresponding flow and lane
ഥ כǡ ҧ൯. ܼҧ  כreduces to solving the SO problem
assignment ൫࢟
ഥ כǡ ҧ൯ is a feasible
with a fixed lane configuration ҧ. Clearly, ൫࢟
solution to the original problem since the fixed configuration
constraint (14) satisfies constraints (11) through (13). This
results in the following proposition:

(1)

s.t.
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Proposition 1. ܼ  כ ܼҧ  כ.
III. DEMONSTRATION AND ANALYSIS
This section presents the DLR-SODTA model results on a
small corridor example. The DLR results are compared with
the fixed-lane results. The DLR-SODTA problem was solved
using the AMPL programming interface to the CPLEX
solver.
A. Network description
The DLA-SODTA model is initially demonstrated on a
simple two-link example in order to closely analyze the
relationship between dynamic lane allocation and dynamic
traffic demand patterns. Both links are of length 650 m with
a free flow speed of 50 kph. Each link has two lanes with a
capacity of 1800 vehicles/hour/lane. Figure 1 illustrates the
demonstration network.
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(8)
אೃ ,
௧்א
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FIGURE 1. (A) SIMPLE TWO LINK NETWORK AND (B) CELL
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(14)

NETWORK REPRESENTATION

݈௧

݈௧



݈௧

Ͳ

ൌ ܮ

Using a time increment of 6 seconds, the each link is
comprised of 8 cells with ܰ ൌ ͳ͵Ǥʹ vehicles and ܳ ൌ ͵
vehicles. In all cases, ߢ, the number of lanes which may
change direction during a time period, is 1. We examine
four demand cases and compare the DLR and fixed lane
SODTA results. Demand case I is illustrated in Figure 2.

where ߜ is the ratio of backwards wave speed to free flow
speed. Constraints (2) through (9) define the cell transition
flows. Constraints (5), (6), and (7) have been modified from
the original multi-destination CTM linear programming
model to account for the explicit representation of multiple
lanes as a decision variable. Constraints (11) and (12) place a
bound on the number of lanes that can be reversed per time
period, and constraint (14) defines the number of lanes
available to any pair of cells as ܮ , the total number of lanes
available to both cells, which is an input to the model. Note
that all available lanes must be allocated during all time
periods, which will at times results in an arbitrary lane
configuration.

FIGURE 2. DEMAND CASE (I)

C. Analysis
Let ܼ  כbe the optimal value of the objective function.
Also, let ܼҧ ൌ ܼ solved with the additional constraints

In case (I), the vehicle flow is much higher in one direction.
In the traditional fixed lane network, this situation will result
in congested conditions. The SODTA model considered 30
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travel time. However, because there were more vehicles from
both directions, the reduction was not as great.

time steps, or 3 minutes of simulation. Demand for the first
ǥଽ
ൌ ͳͲ vehicles and
ten time steps was assumed to be ݀ଵଷǡଵସ
ǥଽ
݀ଵǡଵହ ൌ ͵ vehicles respectively. The demand follows a
uniform departure time profile.
The DLR model resulted in a total travel time of 5166
seconds and 18 time increments for all vehicles to exit the
network. The fixed-lane approach was higher with a total
travel time of 6834 seconds and 23 time-increments for all
vehicles to exit.
Figure 3 shows a detailed representation of the lane
configuration for pairs of cells. Each vertical column
represents the four lanes that are shared by a pair of cells.
The green shows that a lane is assigned to the first cell in the
pair, while the red represents a lane assignment to the
second cell in the pair. For example, under pair (13,15), all
four lanes are assigned to cell 13 until time period 7. In
demand case I, the vehicle flow was unbalanced and
therefore a majority of the lanes were able to be utilized by
the direction with a higher volume of flow. Also note that
when there is no vehicle demand for the cell or cell
connector, the lane is assigned arbitrarily.

Demand case III examines the impact of time dependent
demand, which an important consideration for network
operators. In this case, the total vehicle demand is the same
(90 vehicles/3 minutes) but the departure times are different.
In this scenario, the departure time are more spaced out and
ǥସ
we assume ଵଷǡଵସ
ൌ ͳͺ vehicles and ଵǥଵସ
ଵǡଵହ ൌ ͳͲ vehicles.
Both the fixed-lane and the DLR models require 25 time
periods for all vehicles to exit the network. However, the
total travel time in the fixed case was 9084 seconds and in
the DLR case was 7488 seconds.
In addition, Figure 5 shows the detailed lane configuration in
demand case III. This demand scenario may be particularly
conducive to dynamic lane allocation because the first wave
of demand from (13,14) had sufficient time to exit the
network before the second wave of demand from (16,15)
entered the network.

FIGURE 3. LANE CONFIGURATION IN DEMAND CASE (I)

FIGURE 5. LANE CONFIGURATION IN DEMAND CASE (III)

In the second case, the flow from both directions is more
equal, as Figure 4 shows. This is a common case for
congested network corridors, even during peak hours.
Demand for the first ten time steps was assumed to be
ǥଽ
ǥଽ
ൌ ͻ vehicles and ݀ଵǡଵହ
ൌ ͷ vehicles.
݀ଵଷǡଵସ

Finally, we examine the “peak” demand case where the total
demand at each departure time is no longer uniform.
TABLE 1. PEAK DEPARTURE PATTERN DEMAND
Time
Period
0
1
2
3
4
5
6
7
8
9
Total

FIGURE 4. BALANCED DEMAND CASE (II-IV)
In the fixed lane case, the model requires 16 time periods for
all the flow to exit the network while the DLR model
requires 20 time-increments. The total travel time in the
fixed case was 7230 seconds and in the DLR case was 6756
seconds. Again, the DLR model was able to reduce the total
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(14,13)

(16,15)

5
15
10
30
30
0
0
0
0
0
90

0
0
0
0
0
5
5
20
18
2
50

model presented here supports the possibility of dynamic
lane reversal, of course there are still a number of
practicalities that were not accounted for, but will be the
subject of future research.

The total travel time for the fixed case is 8958, while the
total travel time for the DLR-SODTA is 8718. The vehicles
exited the network in 22 time-steps versus 18 time-steps.
Table 2 summarizes the results from the four demand cases.
Additionally, Table 2 presents the results for the case in
which only two of the four lanes are available to change
directions as DLR1. This would ensure that for all time
periods, each direction has at least one lane available which
could be another possible dynamic lane configuration.

As advances in technology make autonomous vehicles an
increasingly likely proposition, research exploring their
impact on transport planning and operations is of great
importance. The issue of dynamic lane reversal and the
corresponding network design problem present numerous
opportunities. The model proposed here can be improved in
the future by addressing some of the known issues with the
linear relaxation of the CTM (holding back, FIFO), as well
as studying tractable heuristics for large city networks.

TABLE 2. SUMMARY OF RESULTS
Total Departure
Demand
Profile

#
Departure
Periods

I

100, 30

Uniform

10

Fixed
(s)

DLR
(s)

DLR1
(s)

REFERENCES
7464

5796

5796

II

90, 50

Uniform

10

7230

6756

6756

III

90, 50

Uniform

5

9084

7488

8220

IV

90, 50

Peak

5

8958

8718

8718
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