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ABSTRACT Realizing smooth traffic flow is important for achieving carbon neutrality. Adaptive traffic
signal control, which considers traffic conditions, has thus attracted attention. However, it is difficult to
ensure optimal vehicle flow throughout a large city using existing control methods because of their heavy
computational load. Here, we propose a control method called AMPIC (Adaptive Model Predictive Ising
Controller) that guarantees both scalability and optimality. The proposed method employs model predictive
control to solve an optimal control problem at each control interval with explicit consideration of a predictive
model of vehicle flow. This optimal control problem is transformed into a combinatorial optimization
problem with binary variables that is equivalent to the Ising problem. This transformation allows us to
use Ising solvers, which have been widely studied and are expected to offer fast and efficient optimization
performance. The method works adaptively according to traffic conditions such as the structure of the
road network and feedback from observation of the traffic system. We performed numerical experiments
using a microscopic traffic simulator for a realistic city road network. Compared to the classical pattern
control method, the results show that AMPIC increases the vehicle cruising speed by 13%, reduces the
waiting vehicle ratio to 60%, and lowers the CO, emissions to only 25% of the original level. The
model predictive approach with a long prediction horizon thus effectively improves control performance.
Systematic parametric studies on model cities indicate that the proposed method realizes smoother traffic
flows for large city road networks. Among Ising solvers, D-Wave’s quantum annealing is shown to find
near-optimal solutions at a reasonable computational cost.

INDEX TERMS Traffic control, quantum annealing, model predictive control.

I. INTRODUCTION measurement data, requires immediate action [4], [5], [6].

With global economic growth, urban traffic volumes have
steadily increased. Addressing traffic congestion is essential
for mitigating economic losses [ 1], ensuring driver well-being
[2], and reducing carbon emissions [3]. In particular, the
serious impact of CO; emissions on global temperatures,
which has been confirmed by both climate models and
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Efficient management and operation of traffic signals are
essential for facilitating smooth traffic flow [7], [8], [9].
Traditionally, signal parameters such as cycle length, green
time, and the change interval have been determined using
statistical information based on observed traffic data [10],
[11]. Recently developed intelligent traffic systems allow
the acquisition of real-time traffic information [12], [13],
enabling adaptive control that dynamically determines signal
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FIGURE 1. Schematic diagram of the proposed method (AMPIC) and snapshots of vehicles in SUMO with various traffic
control methods. (a) Vehicle information collected from the traffic system is sent to AMPIC and control quantities
computed by AMPIC are sent to traffic system (see Section Il for explanation of variables). (b) Snapshots of vehicles in
numerical evaluation with SUMO on roads that replicate urban areas in Sapporo, Hokkaido, Japan. The vehicle generation
rate was set to 2.22 vehicles per second. The snapshots represent the state of vehicles 1 hour after the start of the
simulation. The color of a vehicle represents its speed. The results for traditional pattern control, local switching control,
and control with AMPIC are shown. The total CO2 emissions for each control method are also shown.

states based on current traffic conditions [14], [15], [16],
[17], [18], [19], [20]. Various approaches have been proposed
to realize adaptive control, including heuristic optimization
methods such as genetic algorithms [21], [22], [23], [24],
evolutionary computation [25], [26], [27], and metaheuristic
optimization [28], [29], [30], as well as artificial intelligence
models such as neural networks and reinforcement learning
[311, [32], [33], [34], [35]. These methods are particularly
effective for urban traffic networks with rapidly changing
traffic patterns [18]. However, the computational complexity
of simultaneously determining multiple control variables
and model parameters restricts their use to networks with
only a few intersections. Decentralized control approaches,
which divide the traffic model and the signal controller, have
been proposed [36], [37], [38], but the information available
for control is limited to the local neighborhood, preventing
global optimization throughout an entire city. Therefore,
the development of an algorithm that simultaneously and
optimally determines control variables for large cities with
many intersections remains an important challenge [7], [39].

Recently, methods using Ising models have gained
attention as efficient approaches for solving large-scale
combinatorial optimization problems. An Ising model,
originally from statistical physics, describes the relation
between the microscopic state of a spin system and
the macroscopic phenomena of magnetic phase transitions
[40], [41]. This model is equivalently convertible to a
combinatorial optimization problem with binary variables,
which includes various practical engineering problems such
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as delivery planning, packing, and the traveling salesman
problem [42], [43]. Specialized solvers, known as Ising
solvers, have been developed to find the ground state of
the Ising model [44], [45], [46]. These solvers exploit the
phenomenon of physical quantities reaching a stationary
point in the search for a solution, which is expected to
deliver higher performance than conventional Neumann-type
computers. In particular, quantum annealing, which uses
quantum fluctuations to search for the optimal solution, has
attracted much attention since D-Wave Systems Inc. provided
a commercially available solver. Its performance has been
evaluated for various engineering problems [47], [48], [49],
[50], [51], [52], [53], [54], [55].

In this paper, we propose a method that achieves both
globally optimized traffic signal patterns and flexible adap-
tation to a large-scale road network and observed traffic
conditions. To simultaneously determine the states of many
traffic signals, we formulate an optimization problem that
can be solved by Ising solvers. The proposed method is
called AMPIC (Adaptive Model Predictive Ising Controller).
The main contributions of this study are summarized by the
following three aspects in which the proposed method is
adaptive to the traffic conditions:

o It works adaptively according to large-scale traffic
conditions. It employs Ising solvers to determine the
traffic signal state at each time step. The optimization
problem of traffic signals using an internal model
that predicts the flow dynamics of vehicles traveling
on an arbitrary road network (with up to four-way
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intersections) is shown to be equivalent to the Ising
problem. This enables scalable traffic signal control,
allowing simultaneous optimization of multiple signals
in large road networks, and offers flexibility in selecting
optimization methods.

o It works adaptively according to real traffic conditions.
The parameters of the internal model used by the
proposed control method are adaptively determined by
the road network structure. The proposed model consists
of a feedback loop between the controller and the traffic
system, which reduces the modeling error (compared to
the actual traffic flow), providing the controller with the
flexibility to adapt to various traffic scenarios.

o It works adaptively according to future traffic condi-
tions. It employs model predictive control (MPC). The
controller’s internal model is used to predict traffic
conditions up to multiple control cycles ahead and
minimize an objective function to improve future traffic
conditions. This approach avoids short-sighted control
and is expected to achieve advanced traffic management.

Theoretically, the formulation of the Ising problem used
in the proposed controller is obtained by extending our
previous study [56]. In that study, the network and traffic
model considered were too simplified to be applicable to
real traffic situations. In comparison, the proposed method is
more adaptive to real traffic conditions and more far-sighted
in terms of time, allowing it to be applied to a wider and more
practical range of traffic situations.

In this study, the performance of AMPIC is systematically
evaluated using an external microscopic traffic flow simu-
lator, namely Simulation of Urban MObility (SUMO) [62],
which is widely used to model realistic urban traffic (see
Fig. 1). Performance is assessed using practical metrics such
as waiting time and CO; emissions. The results show that
AMPIC increases the vehicle’s cruising speed and reduces
waiting time compared to those obtained with conventional
control methods, while also significantly lowering CO,
emissions. Notably, the model predictive approach enhances
control performance, particularly when an extended predic-
tion horizon is employed. Parameter studies with model cities
show that AMPIC achieves more efficient traffic flows than
those obtained with other control protocols, especially for
very large cities, indicating the need for global optimization
that considers many intersections simultaneously. We also
show that D-Wave’s quantum annealing consistently finds
near-optimal solutions at reasonable computational cost.

Il. RELATED WORK

Several studies, including our previous work [56], have
explored the connection between signal control problems
and Ising-type models [57], [58], [59]. Hussain et al. [57]
proposed a method for maximizing traffic flow in a lattice
network by coordinating adjacent signals. Marchesin et al.
[58] proposed an optimization problem for controlling groups
of vehicles traveling on arbitrary road networks. Similarly,
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Shikanai et al. [59] designed an optimization problem to
determine signal guidance modes for controlling groups
of vehicles traveling on arbitrary road networks. Most of
these studies, except [59], validated their controllers using
coarse-grained macroscopic traffic simulations. In contrast,
our approach is tested using detailed microscopic sim-
ulations where individual vehicles follow specific traffic
rules. In addition, unlike [59], our method integrates MPC,
which allows for more sophisticated signal management by
predicting future traffic conditions. A comparison of these
methods with our approach is provided in Table 1.

Apart from the Ising problem approach, several MPC
approaches have been proposed for traffic signal control;
they can be broadly classified as centralized, hierarchical,
and distributed MPC [60]. In centralized MPC, a single
controller collects information from the entire network and
issues control commands, taking into account subsystem
interactions [20], [63], [64], [65]. Although this method can
achieve optimal network-wide coordination, it often faces
computational challenges, particularly for large networks.
Hierarchical MPC addresses this problem by dividing the
network into layers, with higher-level controllers managing
overall objectives and lower-level controllers handling local
optimizations [66], [67]. This structure reduces compu-
tational complexity and improves scalability. Distributed
MPC further decentralizes control by assigning tasks to
independent subsystems that coordinate locally, making it
well suited to large urban networks due to its relatively low
computational load [68], [69], [70], [71]. Our approach falls
into the category of centralized MPC. Although centralized
MPC approaches are typically computationally intensive,
we address this by using the Ising model and its solver to
mitigate these challenges.

Regarding adaptive control methods other than MPC,
heuristic algorithms are the most widely used due to their
design flexibility. Among them, genetic algorithms have been
extensively studied [21], [22], [23], [24]. Neural networks and
reinforcement learning have also been studied for application
to traffic signal systems thanks to advances in deep learning
[311, [32], [33], [34], [35]. In the multi-agent approach,
traffic signals at intersections are considered as agents.
Often combined with reinforcement learning, they achieve
coordinated signal control by cooperating or competing
with each other to optimize signal display parameters [72],
[73], [74], [75]. Research is also actively underway to
achieve coordinated control in mixed autonomous vehicle
environments [76], [77], [78], [79], [80]. For a broader
explanation of these methods, we refer the reader to relevant
survey papers [18], [61], [81], [82].

Ill. METHOD
A. OVERALL ALGORITHM
In this study, we consider the problem of controlling traffic

signals in a road network with N intersections. We consider
the graph G = (V, E), where V = {1, ..., N} denotes the
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TABLE 1. Comparison with previous studies.

[57] [58] [59] Ours
Applicable Graph Lattice Arbitrary Arbitrary Arbitrary
(up to 4-way intersection)
Model Predictive Control No No No Yes

Model for Validation Macroscopic Model

Macroscopic Model

Microscopic Model Microscopic Model

index of an intersection and E denotes the roads connecting
to it. We assume that the network is directed. A road from
intersection j to intersection i is denoted by (7, j). We consider
up to four-way intersections (i.e., there are at most four roads
leading to intersection 7). The signal state at intersection i
at time f, which represents the direction in which vehicles
are allowed to proceed, is denoted by o;(¢) € {£1}, and the
number of vehicles on road (7, j) at time 7 is denoted by ¢;;(?).
We assume that the signal state o;(¢) is determined at discrete
time t = tk (k € N) with a predetermined control cycle
T > 0, and that once the signal is determined, the state o;(¢)
is fixed until the next control cycle o;(t + 7).

Algorithm 1 Adaptive Model Predictive Ising Controller
(AMPIC)
Imput : g;;(¢) ((i,j) € E): Number of vehicles on each
road
Output: o;(r) (i € V): Traffic signal states at each
intersection
Identify difference equation (2) by using the number of
vehicles g(t).
Construct objective function C(o ([¢, ..., t + kp])) in
Eq. (3).
Convert the objective function to Ising model in (4).
Solve the Ising problem with Ising solver and obtain
o*([t, ..., t + kn]) = argmin C(o([t, ..., t + kp])).
Return o *(¢).

As shown in Fig. 1a, the proposed system consists of a
feedback loop between the controller and the traffic system.
In each control cycle, AMPIC receives the number of
vehicles g;;(t) from the traffic system and sends back the
traffic signal states in the next control cycle. The controller
first calculates the necessary parameters for constructing
the objective function of the optimization problem. Then,
the optimization problem is converted to an Ising problem.
Finally, the Ising problem is solved by the Ising solver and the
states of the signals o () := [01(¢) 02(¢) - - - on(@®)]"T € RN at
the current time ¢ are determined. The details of the algorithm
are shown in Algorithm 1. The flowchart of the numerical
simulation is shown in Fig. 2.

To simulate a traffic system, we used the open-source
software SUMO [62], a microscopic traffic simulator. In the
simulation, each vehicle travels through the city under
realistic traffic conditions. In SUMO, vehicles travel along a
preplanned route, whose origin and destination are randomly
chosen. The position, speed, and other states of the vehicles
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FIGURE 2. Flowchart of numerical simulations.

are updated sequentially at each time step (set to 1 second).
The number of vehicles on roads g;; is calculated and sent
to AMPIC. In AMPIC, the Ising model is constructed using
the values of g; and then the optimal states of all traffic
signals are calculated. SUMO receives the signal states from
AMPIC and updates the positions of all vehicles, changing
the signal displays according to realistic procedures, such as
inserting a yellow phase when the signal states change. Note
that the calculation of control inputs does not necessarily
require simulation with SUMO; it requires only the number
of vehicles observed at each time step. See the Appendix for
the detailed simulation procedures.

B. MODEL PREDICTIVE CONTROL OF TRAFFIC SIGNALS
Here, we describe the procedure for constructing the time
evolution equation and the objective function necessary to
formulate the MPC problem.

First, based on the traffic signal states and road positioning,
we introduce the variable s; € {X1}. If the traffic light at
intersection i with the state o; indicates green for the road
(i,]), we assign the state value o; to s;. Then, the traffic
light indicates green for the road (i, j) when o;s;; = +1 and
red when o;s;; = —1. The definitions of these symbols are
shown in Fig. 3. Depending on the indication of the traffic
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o; =+1 (or —1)

sjr = +1 (or —1)

FIGURE 3. Definition of variables for road networks.

light, the roads leading to the intersection are classified as
being on the red side or the green side. As in our previous
study [56], we control the traffic system such that vehicles
entering the intersection are equally distributed on these two
sides. In particular, we define vehicle bias x; at intersection i
to represent how the situation differs from such condition:

xi(t) = mijsipqi(0), ()

JEN;

where N; is the set of intersection indices that have a road
leading to intersection i. In a typical example of east-west and
north-south road intersections, x; represents the difference
between the number of vehicles present in the east-west
direction and that in the north-south direction. In contrast,
in this study, we incorporate the parameter n;; > 0 to adapt to
the condition of the road network. This parameter normalizes
the different road lengths in the network and accounts for
three-way intersections.

The traffic signal states at each time step are determined
based on the feedback from the observation of the traffic
system. We employ MPC, namely, the traffic signal pattern
is determined by the controller based on the predicted traffic
states from the observed current state. To predict the future
traffic state, we use a simple linear model, assuming that
the changes in the number of vehicles g(z) are constant
given the traffic light pattern o within the prediction horizon.
Then, the bias is expressed by the following linear difference
equation:

x(t + 1) =x(t) + Ao (t) + b, )

where the vector x(¢) := [xi1(t) x2(t) --- xay(@®)]T € RN
denote the vector of the vehicle bias.

The matrix A and the vector I;, that depend on the
conditions of the road network, are computed with the
estimated outflow rate and turn probabilities of vehicles.
Further model details, such as the parameter 7;; in Eq. (1) and
the forms of A and b in Eq. (2) are given in the Appendix.

We use the following objective function for MPC:

Clo(t,...,t 4+ (kn — D7])

kn
= Zx(t + k1) " Ox(t + k1), 3)

k=1
where k, € N is a constant called the prediction horizon;
a large value of k, takes into account a long-term future.
The diagonal matrix @ € R¥*V is used to set the relative
weight of importance on the intersections; Q = Iy, where
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Iy denotes the N-dimensional identity matrix, means that all
intersections are equally important. Equation (3) aggregates
the vehicle bias for every intersection at each time step.
By minimizing this quantity, we expect to eliminate the
uneven flow of vehicles throughout the city, resulting in
smooth, congestion-free traffic flow.

C. TRANSFORMING MPC INTO ISING PROBLEM

Here, we describe the method used for transforming the
formulated MPC problem into an Ising problem. The Ising
problem derived in this study takes the following form:

minimize ZJljai(t)a (1) + Z hio i(1), 4
i<j i
where we consider Nkp decision variables, denoted by o €
{£1}Mn and consider J € RV xNkn and h € RMn as the
parameters that characterize this problem. These variables
and the objective function correspond to the spin variables
and energy of the Ising model, respectively.

The Ising problem is both an engineering optimization
problem and a physical model. Researchers have thus
attempted to utilize the model as a solver for optimization
problems by constructing a physical system or hardware that
minimizes Eq. (4) (see, for example, [44], [45], [46]). In this
study, these solvers are referred to as Ising solvers. Examples
of such hardware include coherent Ising machines [46],
[83], simulated bifurcation machines [45], digital annealers
[84], [85], and quantum annealing machines from D-Wave
Systems Inc. [44], [86]. Among these, quantum annealing
machines have attracted attention as a non-von Neumann,
commercially available computer architecture that takes
advantage of quantum fluctuations. Their applications are
currently under investigation [49], [87], [88], [89], [90], [91],
[92]. By inputting the coefficients J and h of the Ising
problem, these solvers output o *, the minimizer of the energy
of the Ising model. Although the performance varies among
Ising solvers, it should be noted that the proposed method can
be implemented using any of these solvers.

Following standard procedures, it is possible to transform
the MPC problem into the Ising problem in Eq. (4). First,
by stacking o and x along the time axis, we construct the
following extended variables:

o) =[o@)" - ot +tkn — D) € (£1}M0,  (5)

X0 =[O - x(+ (k= DD € RV ©6)
We also define the matrices I, A and the vector b as follows:
I=[Iy Iy - Iy] eRVaxN, )

A 0 oo e 0

A A

A=|: oo | e RV, ®)

Pddo

A A A A
b=[bT 267 - kybT]" e R, )
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By using Eq. (2), we obtain the following equality:
X(t + 1) =Ix(t) + Ao (¢) + b. (10)
Using this, Eq. (3) is rewritten as follows:

Co(t,....t+ (kn — D7)
=x(t+1)"Qx(+ 1)
= [Lx(t) + Ao () + b] ' Q [Ix(r) + Aa () + b]
=0()'ATQAG (1) + 2[Ix(t) + b] 'QAc (1) +¢, (11)

where Q is the block diagonal matrix Q := diag{Q, ..., 0}
and ¢ := [Ix(r) + b] " Q[Ix(r) + b]. Equation (11) is the form
of the Ising model of Eq. (4).

It is not always possible to convert optimization problems
to the Ising problem. In our previous study [56], a method
for representing the traffic signal control problem as an
Ising problem was proposed and its conceptual effectiveness
in large-scale networks was demonstrated. However, the
network and traffic model considered in that study were
highly simplified and the applicability to more realistic road
networks was not fully investigated. The novelty of the
present study lies in demonstrating that the conversion of a
broader class of traffic signal control problems to an Ising
problem is feasible.

IV. RESULTS

A. EVALUATION CRITERIA

The objective function (3) used in the proposed method does
not directly correspond to the conventional evaluation criteria
for traffic conditions. Thus, the performance of the proposed
controller is compared with that of existing methods using the
following performance indicators:

« Mean velocity: the average speed of all vehicles in the
road network.

o Waiting vehicle ratio: the ratio of the number of
stopped vehicles to the number of all vehicles in the
road network. Here, vehicles moving at a speed below
0.1 m/s are counted as stopped vehicles.

e CO, emissions: the total amount of carbon dioxide
emitted by all vehicles on the road per time step, which
is computed using a model included in SUMO [93].

o Sum of squared vehicle bias: the value of the objective
function defined in Eq. (3), evaluated at each time step
using the obtained o (¢):

C(t) = x(1) " Ox(1). (12)

Among these, the first indicator is considered more desirable
when its value is higher, while the remaining three indicators
are more desirable when their values are lower. In addition,
the first three performance indicators directly evaluate the
desirability of traffic conditions and the last performance
indicator is closely related to the minimized objective
function (i.e., the Ising model). We compare the proposed
method with the following control methods:
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o Local switching control [94]: This controller greedily
reduces the vehicle bias for each intersection, consider-
ing only the local vehicle bias rather than minimizing a
global objective function. The state of signal o; at each
intersection i is defined as

oi(t) < +1 if x;(¢) > 0,
oi(t) < oi(t — 1) ifx;(t) =0, (13)
oi(t) < —1 if x;(¢) < 0.

« Random control: This control method switches the state
of each signal with a certain probability at each control
cycle. The switching probability per control cycle is
assumed to be 0.5.

« Pattern control: This control method switches the state
of the signal at each predetermined control cycle. The
switching cycle is assumed to be once every two control
cycles for compatibility with random control. Here, two
types of patterns for the initial states are considered:

— Random pattern: The initial display of the traffic
signals is set randomly.

— Coordinated pattern: Initially, the same color is
displayed for all signals in the same direction.

Of the methods mentioned above, random and pattern control
are not adaptive control methods because they do not
determine signal displays based on traffic conditions. Among
pattern controls, the coordinated pattern is the simplest
coordinated traffic signal control. Local switching control,
while a basic adaptive control method, sets the signals at
each intersection independently; it lacks a mechanism to
coordinate neighboring signals. In contrast, the proposed
method determines signal displays for the entire city by
solving an optimization problem that allows for potential
coordination between adjacent signals.

The vehicle origin location, destination, and routing follow
SUMO’s default settings (see the Appendix for details).
Unless otherwise noted, the parameters of the controller are
defined as follows: the control period is t = 60 s, the
prediction horizon is k;, = 1, and the weight matrix is Q =
Iy . For the Ising solver, we use SimulatedAnnealingSampler
[95] provided by D-Wave Systems and set the parameter
num_reads to 1000. For the other hyperparameters in the
solver, the default values are used.

B. RESULTS FOR SAPPORO ROAD NETWORK

We created a road network that corresponds to an urban area
in Sapporo, Japan, as shown in Fig. 4. In this road network,
we assumed that all intersections have traffic signals. The
time evolution of the mean velocity, waiting vehicle ratio,
CO» emissions, and sum of squared vehicle bias are shown
in Fig. 5. The number of vehicles added to the road network
per time step, which we refer to as the vehicle generation
rate, is set to 2.22 vehicles per second. The figure shows the
average value over five simulation runs in which the vehicles
had different routes. For legibility, the 120-second moving
average for each performance indicator is shown.
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FIGURE 4. Road network created to replicate urban area of Sapporo,
Hokkaido, Japan. The base map image is provided by cOpenStreetMap
[96], [97], [98].

As shown in Figs. 5a and 5b, with the non-adaptive
methods (i.e., random and pattern control methods), the
mean velocity decreases over time and the waiting vehicle
ratio approaches 1, indicating that congestion occurs. The
congestion results in an increasing number of vehicles in the
network. Consequently, the CO; emissions increase steadily,
as shown in Fig. 5c. Coordinated pattern control has slightly
better performance than random pattern control. In contrast,
with local switching control and the proposed control method,
the mean velocity and waiting vehicle ratio approach a steady
state after a short initial transient response. This results in
low CO, emissions due to the balance between the number
of vehicles that are added and the number of vehicles that
are removed (i.e., vehicles that reach their destinations). The
proposed control method achieves a shorter waiting time
and a faster cruising speed than those obtained with local
switching control. The CO, emissions are accordingly lower.
In Fig. 5d, the proposed method shows the lowest vehicle
bias among all methods. This is expected as this performance
indicator is directly minimized in the proposed method, but
not in the other methods.

We next examine situations with different numbers of
vehicles. Simulations were performed with various vehicle
generation rates. Figure 6 shows the time-averaged values
of the mean velocity, waiting vehicle ratio, CO, emissions,
and sum of squared vehicle bias as functions of the vehicle
generation rate. For each simulation run, the value of a
given performance indicator was averaged in time over
3600 seconds. Each data point and error bar indicate the mean
value and standard error, respectively, for five simulation runs
with different vehicle routes.

Figures 6a and 6b show that in general, an increase in
the vehicle generation rate leads to a lower average speed
and more stopped vehicles. The proposed method mitigates
the decrease in mean velocity and thus the waiting vehicle
ratio and the CO; emissions are suppressed. Local switching
control shows performance similar to that of the proposed
method, but the degradation of traffic conditions occurs at
a smaller vehicle generation rate than that for the proposed
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method. Among the non-adaptive methods, coordinated
pattern control gives the best results, but it is inferior to
the proposed method and local switching control. At the
maximum generation rate in our experiment, the performance
difference between the methods disappears, indicating that
congestion is unavoidable. Similar trends were found for
CO, emissions, as shown in Fig. 6¢c, suggesting that better
traffic conditions are also beneficial for decarbonization.
As shown in Fig. 6d, the proposed method minimizes the
energy of the Ising model the most for all vehicle generation
rates. This result confirms the correspondence between the
performance indicator defined via vehicle bias and other
performance indicators (velocity, waiting vehicle ratio, and
CO; emissions). We calculated the average queue length of
vehicles near the intersection as another index of traffic flow.
The result showed a similar trend to the other indices above.

C. EFFECT OF ROAD NETWORK SIZE

We now examine the performance of the proposed method for
road networks with various sizes. Here, we use square lattice
networks that consist of N intersections, with N varied from
5 x 5to 25 x 25. The distance between adjacent intersections
is fixed at 100 m. Since local switching control was found to
be the most comparable method in the previous subsection,
it is used here for comparison with AMPIC.

Figure 7 compares the performance of the proposed global
control method and local switching control for various
vehicle generation rates. For precision, the horizontal axis
is the scaled vehicle generation rate p, which is defined as
the vehicle generation rate divided by ~/N. This was done
because the average distance traveled by an individual vehicle
scales as O(+/N), and thus so does the average time f,,
for which a vehicle remains in the network. In addition,
the total road length L;y, of the network scales as O(N).
Therefore, the average density of vehicles in the road network
is estimated as p X tgy/Liotal ~ P/ /N, where p is the vehicle
generation rate. This horizontal axis enables us to compare
the results for different network sizes. For example, both the
mean velocity and the waiting vehicle ratio exhibit universal
sudden changes of behavior around p ~ 0.3. Figures 7d-f plot
the results of AMPIC relative to those of the local switching
control. Since in the region p < 0.3 the relative velocity is
above unity and the relative waiting vehicle ratio is below
unity, AMPIC results in a faster vehicle cruising speed and
a lower number of stopped vehicles than those obtained with
local switching control. The performance difference becomes
very large for p &~ 0.4 (because congestion occurs only for
local switching control). For high vehicle generation rates
(» > 0.5), the relative performance difference between the
two methods disappears, as in the previous section.

The relative performance difference between the proposed
method and the local switching control is larger when the
network size is increased, especially in the region of p <
0.3. This result suggests the global nature of many-body
traffic systems that have long-range correlations and the
importance of traffic signal optimization that simultaneously
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FIGURE 5. Time evolution of performance indicators for various methods. The proposed method (blue solid) is compared with local switching
control (orange dash-dotted), random control (green dotted), random pattern control (red dashed), and coordinated pattern control (purple
dashed). The colored area represents the standard error of each performance indicator for various seeds of the random number used for vehicle

route generation.

considers distant intersections. In addition, in Figs. 6 and 7,
the observed shifts from a smooth traffic state to a congested
state are sharp. We also observed a large fluctuation (or
sample variance, as shown by the error bars) around the
transition point. Such observations can be interpreted as
global phenomena such as bifurcations or phase transitions
of the spin system. This also supports the importance of
optimizing the overall traffic signal pattern in the system.
Similar to the results for the waiting vehicle ratio, the CO,
emissions are greatly reduced with the proposed method,
especially for a large network.

D. EFFECT OF PREDICTION HORIZON

We next examine the effect of the prediction horizon .y, on
control performance. Here, we use a lattice network with N =
10 x 10, with the value of kp, varied from 1 to 10. The results
are plotted in Fig. 8. As the prediction horizon is extended, the
mean velocity increases and the waiting vehicle ratio tends
to decrease, resulting in a decrease in CO; emissions. The
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slight improvement observed for a horizon longer than six
steps indicates the limitation of the model prediction. Given
that the control cycle is 60 seconds, this result suggests that
considering prediction horizons longer than 6 minutes does
not significantly improve traffic conditions. This limitation
may result from the relatively low prediction accuracy for a
long horizon, the degradation of optimization performance
for a large optimization problem, or both.

E. EFFECT OF ISING SOLVER

AMPIC is compatible with all Ising solvers, including those
based on quantum annealing. The effect of the solver on
performance is of interest not only for the implementation of
traffic signal control but also for Ising solver development.
Thus, we compare the results obtained with various Ising
solvers for a lattice network with N = 10 x 10. The following
three solvers are used (refer to the Appendix for detailed
solver settings):
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FIGURE 6. Time-averaged performance indicators for various vehicle generation rates for various methods. The proposed method (blue solid) is
compared with local switching control (orange dash-dotted), random control (green dotted), random pattern control (red dashed), and
coordinated pattern control (purple dashed). The error bars represent the standard error of each performance indicator for various seeds of the

random number used for vehicle route generation.

o Greedy method: This method is regarded as a discrete
analog of the gradient descent method for continuous
functions. At each step, the state obtained by flipping
the variable that produces the highest energy decay is
chosen as the next state.

o Simulated annealing (SA): This algorithm searches
for the solution by repeatedly transitioning to the
next state in a random neighborhood of the current
solution. The selection is guided by a parameter called
the temperature, which is progressively reduced with
each iteration of the update. This feature reduces the
possibility of the solution falling into a local minimum.

¢ Quantum annealing (QA): This algorithm is regarded
as a quantum version of SA. Quantum annealing
uses quantum fluctuation to simultaneously search for
candidate solutions to find the global minimum of the
objective function. This is expected to enable faster
and more accurate solution searches than those of non-
quantum methods.
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The results are shown in Table 2. The performance of SA
and QA is much better than that of the greedy method.
In particular, the CO;, emissions for the greedy method are
more than 25% higher than those for SA and QA. The
emissions for QA are slightly higher than those for SA, but
the time required to solve the problem with QA is much
shorter than that for SA. Note that these results depend on
the computational environment. Using a high-performance
CPU for SA will shorten the computation time. Note that
the computation time for the quantum annealing method was
measured in terms of gpu_access_time [99], which excludes
the communication time between Canada (where the D-Wave
machine is installed) and Japan (where the experiment was
conducted) and the waiting time for the start of processing.
In our simulations, the control cycle was set to 60 seconds
and all solvers compared here completed their computations
within this time frame. To respond to sudden changes in
traffic conditions, however, it is preferable to be able to
set a shorter control cycle. Given the trade-off between
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TABLE 2. Time-averaged performance indicators for control implemented with various Ising solvers.

Greedy SA QA
Mean velocity [m/s] 8.669 + 0.056 8.749 + 0.058 8.739 4+ 0.056
Waiting vehicle ratio 0.576 £ 0.025 0.485 £+ 0.024 0.504 + 0.025
CO; emissions [kg/s] 3.617 £ 0.224 2.7224+0.110 2.876 +0.121
Sum of squared vehicle bias 93.051 4 7.252 56.999 £ 4.170 68.776 £ 5.388

Elapsed time [s] 0.031 £ 4.64 x 10~

1.866 £ 0.168 0.561 4 3.42 x 102

performance and time, a quantum annealing machine is a
practical candidate for the optimization solver in the situation
considered in the present study.

Apart from the solvers compared above, benchmarks have
been performed using a variety of general optimization
problems [100], [101]. The performance of each solver
depends on the form of the Ising problem. Comparing
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the performance of solvers other than those considered in
this study remains a task for future work. In addition,
in high-performance computing for large-scale problems, it is
important to reduce the energy consumption of the computing
system itself [102]. One of the advantages of Ising solvers
is their ability to solve problems with high energy efficiency
[103]. The evaluation of methods, including in terms of the
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CO» emissions from the optimization process itself, for the
problem addressed in this study remains a task for future
work.

V. CONCLUSION

We showed that the model predictive control of traffic
signals achieved by solving the Ising problem significantly
reduces traffic congestion and therefore decreases CO»
emissions. The MPC was shown to work appropriately
for various prediction lengths (see Fig. 8). The observed
improvement compared to the local switching control was
greater for a larger traffic network (see Fig. 7), which supports
the importance of simultaneously considering all distant
traffic signals for a road network that may have long-range
correlations. Furthermore, the D-Wave machine was found to
provide near-optimal solutions in a short time (see Table 2).

Here, the sudden shift from a smooth traffic state to a
congested state (see Fig. 7) and the large fluctuation (or
sample variance shown by error bars) around the transition
point can be considered phase transitions. However, the
distinction between the two phases is sharper for small
networks, which is opposite to the general trend for phase-
transition phenomena. This difference could be the result
of the intervention of signal control, which acts to blur the
phase transition, resulting in smooth traffic states. A detailed
discussion of this transition phenomenon and an investigation
of finite-size scaling for the present system will be presented
in future studies.

In the proposed method, we used a simple linear traffic
model in the controller that assumes a constant flow rate in
each time interval. This model may be inaccurate compared
to more complex traffic models, such as those that consider
the saturation of neighboring roads [38]. We emphasize
that our control approach, despite using a simple traffic
model, still achieves global optimization and improves the
traffic situation in large networks, which is achieved by the
centralized nature of the proposed method.

In addition, formulating the problem as an Ising problem
will allow us to take advantage of future advances in
Ising solvers, such as quantum computers, with minimal
development costs (solvers can simply be plugged into the
controller). As a result of simplification, our model considers
only two signal states for each intersection. In future research,
we plan to extend the model to more complicated situations
by handling more than two signal states or by incorporating
state variables not included in the current model, such as
occupancy and density.

In this study, the evaluation was performed using a
widely used realistic microscopic traffic flow simulator
(SUMO) [62]. For practical implementation, it will be
necessary to install some devices at each intersection to
provide important information for the control method (i.e.,
the values of x; in Eq. (1)). To enable this, methods such
as installing cameras at intersections or using vehicle-to-
infrastructure communication to transmit vehicle positions
obtained via GPS can be considered [12], [13]. A robust
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FIGURE 9. Illustration of vehicle flowrates in road networks.

communication network is required for sending the observed
vehicle information to the Ising solver and receiving control
commands without delay or data loss. Verification of the
computational reliability of the Ising solver is also critical.
Careful validation of these factors will be important for the
practical application of the proposed method.

APPENDIX
CONSTRUCTION OF TIME EVOLUTION EQUATION
Here, we describe the method used for constructing the time
evolution equation shown in Eq. (2). We first consider the
vehicle flow rate at which the cars enter road (i, j) through
intersection j per unit time. Let ag be the flow rate when
oj = +1 and a}j be that when o; = —1. We also define
05. as the flow rate at which the cars on road (i,j) pass
through the intersection i per unit time when the traffic
light at the intersection i is green. Due to the presence of a
dedicated right- or left-turn lane, vehicles may pass through
the intersection j even when the traffic light is red. In this case,
we define of; as the rate of such an outflow. A visualization
of the definition of these flow rates is shown in Fig. 9. The
value of ay, U, lgj, and ofj may be known in advance, or they
may be adaptively calculated by tracking the number of cars
g;j during traffic control. The calculation of these values in
the present experiment is described later.

We can respectively calculate the flow rate at which cars
enter and exit road (i, j) as

0 1 [ A
Ea,’j(aj + 1)+ Eaij(—O’j +1)= —(a,‘j +aj; 0j), (14)
1 1
Eog'(sijo—i + D+ EO;j(_sile )= _(0 + 0 51]01)

15)

where we define (Zzij,a )= (a  +al a —a; )and(o,],oA) =

ij°

(0” + o,/, o -0} ) Then the tlme evolutlon of the number of
cars gjj on the road @, ))1s

dr 1_ 1 A 1 [N

@U 2alj + 2a 0j — Eoij — 50” 8ij0i. (16)

From Eq. (16) and Eq. (1), the time evolution of the vehicle
bias x; is calculated as follows:
dr
i Z nijsij(ai; + az] 0j — 0jj —
JEN;

0} 5ijo).- (17)
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Recall that we defined the vectors x = [x], X2, ..., xy]' and

o = [01,02,...,05]". We can rewrite Eq. (17) in vector
form by using the matrix A € RV*N_ which is defined as
follows:
=2 mio i=.
JEN;
Aji = C e 18
v Uzjsijﬂi? i#j, (i,)) €E, (18)
0 i#j, (i,) ¢ E.

We also define the vector b = [by, ba, ..., by]1" € RN as

follows:

bi= > msiay— o5, i=1,....N.  (19)
JEN;

Then, the time evolution in Eq. (17) is written as follows:

Y ao b (20)
— = A0 .
dx

We assumed that the traffic signal states o (#) do not change
from time ¢ to ¢t + 7 if the states are updated at time ¢.
Therefore, we can integrate the above to obtain the following
difference equation:

x(t+1)=x(1)+Ac()+ b)T
=x(t) + Ao (1) + b, 1)

where we defined A = At and b = br.

CALCULATION OF WEIGHT PARAMETER IN VEHICLE BIAS
Here, we describe how we determine the coefficients 7; >
0, which were introduced to define vehicle bias in Eq. (1).
We consider the reference values for the length and number
of cars on the road, denoted by L™ and N™f, respectively.
We define the normalized density of cars on the road g;; as
gij / Nref
Lij / Lref’
where L;; denotes the length of the road (j, 7). According
to our assumption, there are only four-way or three-way
intersections. When intersection i is a four-way intersection,
it holds that s;; = +1 for two of the incoming roads and
sij = —1 for the other two. Therefore, we can easily define the
vehicle bias x; by summing s;;¢;; over j. When intersection i
is a three-way intersection, either s;; = +1 or s;; = —1 holds
for only one incoming road. For intersections with such an
imbalance, we define the bias of the number of vehicles x; as
follows:

qij = (22)

X =2 Z ciidips (23)
JjeN;:
where the coefficient takes c¢;; = 2 for the road (j, 7) if there
is no other road that leads to the same intersection i and has
the same s;;, and otherwise c¢;; = 1. From the definition of g;;,
we obtain

cieref
JjeN; v
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which leads to the following definition of 7;;:

cij Lref

= 25
NrefLij ( )

nij
CALCULATION OF IN/OUT-FLOW VELOCITY
We describe how to determine the rates of inflow a;;
(s € {0,1}) and outflow of.’j (s € {g,r}) for the road
(i,j). These flow rates can be updated by counting each
vehicle’s travel path over a certain period while controlling
the signals. Such online updates are effective in situations
where traffic conditions change rapidly. In situations where
rapid changes do not occur, it is sufficient to measure and fix
these parameters in advance. In this study, we determined the
parameters using the latter method.

First, consider the rate of inflow af’j for s = 0. For
road (j, k) leading to intersection j, when vehicles on the
road exit, they will enter one of the roads starting from
intersection j. Let p;jx be the rate of vehicles entering the road
(i, J). Then, the flow rate of vehicles entering the road (i, j)
through intersection j from the road (j, k) can be estimated by
multiplying the rate of vehicles exiting the road (j, k) by the
probability p;; when intersection j is passable. Thus, when
s = 0, we obtain

aj = " ok (26)
k

where the sum is taken over k such that the traffic signal in the
state 0; = +1 allows the cars to exit from road (j, k). In the
case of s = 1, a}j is obtained by summing the same values
over k such that the outflow is possible when o; = —1.

The rate of outflow ofi can be calculated as N; / Tl.f, where
Tl-jg is the number of seconds when the traffic light indicates
green for the road (i,j), and Ni; is the actual number of
vehicles that leave the road. However, Tg and Nij take small
values, especially in the transient state in the earlier period
of the simulation, which makes the calculation unstable.
Therefore, in our experiment, the rate of outflow is assumed
to be the same for all roads and is calculated as follows:

g _ Z(iJ)eE Nij
i 5 . 78"

Z(i,j)eE T
Similarly, the rate of outflow ofj may depend on the number
of vehicles entering the intersection when the traffic light

indicates red. However, it is always O unless there is a
dedicated left/right turn lane on the road.

27)

SIMULATOR IMPLEMENTATION DETAILS

All experiments in this study were conducted on a Linux
computer with 64 GB of memory and a clock speed of
3.70 GHz.

In SUMO [62], states such as vehicle positions and speeds
are updated sequentially at each time step (here, set to
1 second). All roads are implemented as left-side travel lanes.
To obtain parameters for the Ising problem used by the
controller, the simulator collects statistical information about
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the traffic on the road network. The road network consists
of roads with two lanes in opposite directions. Intersections
are assumed to be three- or four-way intersections. In the
implementation of the signal displays determined by AMPIC
in SUMO, the behavior of real traffic signals is replicated.
Specifically, when a signal changes from green to red in
the direction of traffic flow, a yellow signal is displayed
for 3 seconds, followed by a red signal for a further
3 seconds for both directions. The vehicles are generated at
the originating intersection every p seconds in the simulation
time (i.e., the vehicle generation rate is 1/p) and the
vehicles are removed from the simulator when they arrive
at the destination. The origin and destination are located
at intersections and are chosen independently at random
with uniformly weighted probabilities. The route selection
of each vehicle to its destination has a significant impact on
overall traffic conditions [61]. Various methods have been
developed for smarter route selection by autonomous driving
and car navigation systems [104], [105], [106], [107]. In this
study, we consider a scenario where each vehicle follows a
basic route selection strategy, with routes generated using
duarouter (https://sumo.dlr.de/docs/duarouter.html), a tool
included in the SUMO tool set.

In AMPIC, the solvers provided by D-Wave Systems
are used. Specifically, we use greedy.SteepestDescentSolver
(https://docs.ocean.dwavesys.com/projects/greedy/en/latest/
reference/samplers.html) for the greedy method, Simu-
latedAnnealingSampler (https://docs.ocean.dwavesys.com/
projects/neal/en/latest/reference/sampler.html) for the sim-
ulated annealing method, and DWaveSampler (https://docs.
ocean.dwavesys.com/projects/system/en/stable/reference/
samplers.html) for the quantum annealing method. For the
latter two methods, the parameter num_reads is set to
1 000. In the setting of QA, we use EmbeddingCompos-
ite  (https://dwave-systemdocs.readthedocs.io/en/samplers/
reference/composites/embedding.html) for the embeddings
for the variables and use Advantage_system5.4 for the solver.

Finally, the datasets analyzed in this study, as well
as the code used to generate all the results, are
available on GitHub, accessible at the following link:
https://github.com/ToyotaCRDL/ampic.
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