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METHOD AND SYSTEM FOR MULTIMODAL DEEP TRAFFIC SIGNAL CONTROL
TECHNICAL FIELD

[0001] The following relates generally to traffic signal control, and more specifically, to a method

and system for traffic signal control for an intersection of a traffic network.
BACKGROUND

[0002] Traffic congestion is a major economic issue, costing some municipalities billions of
dollars per year. Various adaptive traffic signal control techniques, as opposed to pre-timed and

actuated signal control, have been proposed in an attempt to alleviate this problem.

[0003] Some adaptive traffic signal control systems rely on expert adjustments, are selective of
data due to resource limitations, or rely heavily on queue length to determine traffic signalling

responses.
SUMMARY

[0004] In an aspect, there is provided a method for traffic signal control for an intersection of a
traffic network, the traffic network comprising one or more sensors, the method comprising:
receiving sensor readings from the one or more sensors, the sensor readings comprising a
plurality of physical characteristics associated with vehicles approaching the intersection;
discretizing the sensor readings based on a grid of cells projected onto one or more streets
approaching the intersection; for each of the plurality of physical characteristics, associating, for
each of the cells in the grid of cells, a respective value for the cell in the grid of cells
representing the physical characteristic associated with each of the vehicles if the vehicles at
least partially occupy the cell, otherwise associating a null value for the cell, and generating a
matrix associated with the physical characteristic comprising the respective values for each cell
in the grid of cells; combining each matrix associated with each of the plurality of physical
characteristics as separate layers in a multi-layered matrix; determining, using a machine
learning model trained with a traffic control training set, one or more traffic actions with the multi-
layered matrix as input, the traffic control training set comprising previously determined multi-
layered matrices for a plurality of traffic scenarios at the intersection; and communicating the

one or more actions to the traffic network.

[0005] In a particular case of the method, one of the physical characteristics is speed of the

vehicles and another one of the physical characteristics is position of the vehicles.

[0006] In another case, one of the physical characteristics is occupancy of the vehicles.
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[0007] In yet another case, data representing the occupancy of the vehicle is approximated

using an average occupancy for each type of vehicle.

[0008] In yet another case, at least one of the vehicles is a transit vehicle, and wherein the
sensor associated with the occupancy of the vehicle comprises an automated passenger

counter associated with the transit vehicle.

[0009] In yet another case, the machine learning model comprises a convolutional neural

network and reinforcement learning.

[0010] In yet another case, the machine learning model comprises Q-learning by iteratively
updating a Q-value function, and wherein the determination of the one or more traffic actions is

determined as the traffic actions that have the highest Q-values.

[0011] In yet another case, the machine learning model is used to optimize a reward function by
minimizing cumulative delay of the vehicles approaching the intersection, the reward function
comprising cumulative delay at a previous iteration minus cumulative delay at a present

iteration.

[0012] In yet another case, the cumulative delay is determined as a summation over possible
movements of delays over each possible movement of the vehicles in each approach of the

intersection.

[0013] In yet another case, the vehicles are considered delayed if their speed is below a

predetermined speed threshold.

[0014] In another aspect, there is provided a system for traffic signal control for an intersection
of a traffic network, the traffic network comprising one or more sensors, the system comprising
one or more processors and a data storage, the one or more processors configurable to
execute: a data extraction module to: receive sensor readings from the one or more sensors,
the sensor readings comprising a plurality of physical characteristics associated with vehicles
approaching the intersection; discretize the sensor readings based on a grid of cells projected
onto one or more streets approaching the intersection; for each of the plurality of physical
characteristics, associate, for each of the cells in the grid of cells, a respective value for the cell
in the grid of cells representing the physical characteristic associated with each of the vehicles if
the vehicles at least partially occupy the cell, otherwise associating a null value for the cell, and
generate a matrix associated with the physical characteristic comprising the respective values
for each cell in the grid of cells; a machine learning module to combine each matrix associated

with each of the plurality of physical characteristics as separate layers in a multi-layered matrix,
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and to determine, using a machine learning model trained with a traffic control training set, one
or more traffic actions with the multi-layered matrix as input, the traffic control training set
comprising previously determined multi-layered matrices for a plurality of traffic scenarios at the
intersection; and a controller module to communicate the one or more actions to the traffic

network.

[0015] In a particular case of the system, one of the physical characteristics is speed of the

vehicles and another one of the physical characteristics is position of the vehicles.
[0016] In another case, one of the physical characteristics is occupancy of the vehicles.

[0017] In yet another case, data representing the occupancy of the vehicle is approximated

using an average occupancy for each type of vehicle.

[0018] In yet another case, at least one of the vehicles is a transit vehicle, and wherein the
sensor associated with the occupancy of the vehicle comprises an automated passenger

counter associated with the transit vehicle.

[0019] In yet another case, the machine learning model comprises a convolutional neural

network and reinforcement learning.

[0020] In yet another case, the machine learning model comprises Q-learning by iteratively
updating a Q-value function, and wherein the determination of the one or more traffic actions is

determined as the traffic actions that have the highest Q-values.

[0021] In yet another case, the machine learning model is used to optimize a reward function by
minimizing cumulative delay of the vehicles approaching the intersection, the reward function
comprising cumulative delay at a previous iteration minus cumulative delay at a present

iteration.

[0022] In yet another case, the cumulative delay is determined as a summation over possible
movements of delays over each possible movement of the vehicles in each approach of the

intersection.

[0023] In yet another case, the vehicles are considered delayed if their speed is below a

predetermined speed threshold.

[0024] These and other embodiments are contemplated and described herein. It will be
appreciated that the foregoing summary sets out representative aspects of systems and

methods to assist skilled readers in understanding the following detailed description.

BRIEF DESCRIPTION OF THE DRAWINGS
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[0025] The features of the invention will become more apparent in the following detailed

description in which reference is made to the appended drawings wherein:

[0026] FIG. 1 is a schematic diagram of a system for traffic signal control for an intersection of a

traffic network, in accordance with an embodiment;

[0027] FIG. 2 is a schematic diagram showing the system of FIG. 1 and an exemplary operating

environment;

[0028] FIG. 3 is a flow chart of a method for traffic signal control for an intersection of a traffic

network, in accordance with an embodiment;
[0029] FIG. 4 is a diagram of a machine learning control arrangement for the system of FIG. 1;

[0030] FIG. 5 is a diagram of another machine learning control arrangement for the system of
FIG. 1,

[0031] FIG. 6 is a diagram of another machine learning control arrangement for the system of
FIG. 1,

[0032] FIG. 7 is an illustration of an overhead view of an intersection showing exemplary sensor

readings of vehicles approaching the intersection;

[0033] FIG. 8 illustrates an example of discretization of streets approaching an intersection in a
grid-like fashion;
[0034] FIG. 9illustrates an exemplary intersection having two one-way street approaches;

[0035] FIG. 10 illustrates sensing people approaching the intersection of FIG. 9;

[0036] FIG. 11 illustrates a traffic light turning green for one of the approaches of the

intersection of FIG. 9; and

[0037] FIG. 12 illustrates a diagram of a discretization of a whole of an intersection.

DETAILED DESCRIPTION

[0038] Embodiments will now be described with reference to the figures. For simplicity and
clarity of illustration, where considered appropriate, reference numerals may be repeated
among the Figures to indicate corresponding or analogous elements. In addition, numerous
specific details are set forth in order to provide a thorough understanding of the embodiments
described herein. However, it will be understood by those of ordinary skill in the art that the

embodiments described herein may be practiced without these specific details. In other
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instances, well-known methods, procedures and components have not been described in detail
S0 as not to obscure the embodiments described herein. Also, the description is not to be

considered as limiting the scope of the embodiments described herein.

[0039] Various terms used throughout the present description may be read and understood as
follows, unless the context indicates otherwise: “or” as used throughout is inclusive, as though
written “and/or”; singular articles and pronouns as used throughout include their plural forms,
and vice versa; similarly, gendered pronouns include their counterpart pronouns so that
pronouns should not be understood as limiting anything described herein to use,
implementation, performance, etc. by a single gender; “exemplary” should be understood as
“illustrative” or “exemplifying” and not necessarily as “preferred” over other embodiments.
Further definitions for terms may be set out herein; these may apply to prior and subsequent

instances of those terms, as will be understood from a reading of the present description.

[0040] Any module, unit, component, server, computer, terminal, engine or device exemplified
herein that executes instructions may include or otherwise have access to computer readable
media such as storage media, computer storage media, or data storage devices (removable
and/or non-removable) such as, for example, magnetic disks, optical disks, or tape. Computer
storage media may include volatile and non-volatile, removable and non-removable media
implemented in any method or technology for storage of information, such as computer
readable instructions, data structures, program modules, or other data. Examples of computer
storage media include RAM, ROM, EEPROM, flash memory or other memory technology, CD-
ROM, digital versatile disks (DVD) or other optical storage, magnetic cassettes, magnetic tape,
magnetic disk storage or other magnetic storage devices, or any other medium which can be
used to store the desired information and which can be accessed by an application, module, or
both. Any such computer storage media may be part of the device or accessible or connectable
thereto. Further, unless the context clearly indicates otherwise, any processor or controller set
out herein may be implemented as a singular processor or as a plurality of processors. The
plurality of processors may be arrayed or distributed, and any processing function referred to
herein may be carried out by one or by a plurality of processors, even though a single processor
may be exemplified. Any method, application or module herein described may be implemented
using computer readable/executable instructions that may be stored or otherwise held by such

computer readable media and executed by the one or more processors.

[0041] The following relates generally to traffic signal control, and more specifically, to a method

and system for traffic signal control for an intersection of a traffic network.
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[0042] Traffic signal controllers are generally used to maximize and/or optimize the flow of
traffic through an intersection that has traffic lights (or other method or device for variable traffic
control). Traffic signal controllers are generally designed based on an assumption of a perfect or
near-perfect detection of traffic at the intersection. These types of controllers often encounter
challenges when applied in the field in real-life applications. In many cases, controllers assess
gueue length information, typically assuming such information to be seamlessly and flawlessly
provided by the cameras. However, in practice, such queue detection can have a limited
detection area, inaccurate detection, and weather-related detection problems. In some cases,
partial information from upstream cars joining the queues is included in order to provide more
information for the traffic signal controllers. Typically, such information needs to be heavily pre-
processed, on a case-specific basis; and thus, may require changing the structure of the

controller or may be resource intensive.

[0043] Traffic signal controllers also typically consider each type of transportation the same for
traffic optimization; for example, considering a car to be equivalent to a bus to be equivalent to a
motorcycle, and so on. Thus, such controllers consider low occupancy passenger vehicles
effectively equivalent to high occupancy transit vehicles. Taking such vehicles as not equivalent
is typically problematic; particularly: 1) if such controllers were to give priority for transit, this
causes interruption for regular traffic and, in most cases, leads to higher average delays over all
the modes; 2) introducing a new mode typically requires expert knowledge to extract useful
information for the controller; and 3) typically results in a more complicated state-space for an
already high-dimensional state-space of the controller. The embodiments described herein
address at least some of the above technical problems using a technological solution of

combining deep learning and reinforcement learning methodologies.

[0044] The embodiments described herein advantageously work with high-dimensional raw
information from sensors, like radars, connected vehicles, or cameras. Advantageously, a
structure of a traffic signal controller of the embodiments described herein can be fixed and
capable of handling raw information, in various sizes, without pre-processing. The embodiments
described herein also advantageously have the ability to optimize travel time at an intersection
for both regular vehicular traffic and transit simultaneously. The embodiments described herein
also advantageously handle larger input information from the sensors, which for conventional

approaches is a problem due to dimensionality and problem size creep.

[0045] Referring now to FIG. 1, a system 100 for multimodal deep traffic signal control for an

intersection of a traffic network, in accordance with an embodiment, is shown. In this
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embodiment, the system 100 is run on a local computing device (26 in FIG. 2) and accesses
content located on a server (32 in FIG. 2) over a network, such as the internet (24 in FIG. 2). In
further embodiments, the system 100 can be run on any suitable computing device; for

example, a server (32 in FIG. 2).

[0046] In some embodiments, the components of the system 100 are stored by and executed
on a single computer system. In other embodiments, the components of the system 100 are

distributed among two or more computer systems that may be locally or remotely distributed.

[0047] FIG. 1 shows various physical and logical components of an embodiment of the system
100. As shown, the system 100 has a number of physical and logical components, including a
central processing unit (“CPU”) 102 (comprising one or more processors), random access
memory (“RAM”) 104, a user interface 106, a traffic network interface 108, a network interface
110, non-volatile storage 112, and a local bus 114 enabling CPU 102 to communicate with the
other components. CPU 102 executes an operating system, and various modules, as described
below in greater detail. RAM 104 provides relatively responsive volatile storage to CPU 102.
The user interface 106 enables an administrator or user to provide input via an input device, for
example a keyboard and mouse. The user interface 106 can also outputs information to output
devices to the user, such as a display and/or speakers. The traffic network interface 108
communicates with a traffic light network 150 and receives sensor readings from the traffic light
network, as described herein. The network interface 110 permits communication with other
systems, such as other computing devices and servers remotely located from the system 100,
such as for a typical cloud-based access model. Non-volatile storage 112 stores the operating
system and programs, including computer-executable instructions for implementing the
operating system and modules, as well as any data used by these services. Additional stored
data, as described below, can be stored in a database 116. During operation of the system 100,
the operating system, the modules, and the related data may be retrieved from the non-volatile

storage 112 and placed in RAM 104 to facilitate execution.

[0048] In an embodiment, the system 100 further includes a controller module 120, a data
extraction module 122, a machine learning module 124, and an action module 126, each
executed on the one or more processors 110. In some cases, the functions and/or operations of
the controller module 120, the data extraction module 122, the machine learning module 124,

and the action module 126 can be combined or executed on other modules.

[0049] The machine learning module 124 includes one or more machine learning approaches.

In an embodiment, the machine learning module 124 includes one or more Convolutional Neural
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Networks (CNN) for interpreting high dimensional sensory data, one or more Neural Networks
(NN), such as a Fully Connected Neural Network (FNN), as function approximators for
managing continuous features of the traffic network, and Reinforcement Learning (RL) for
learning how to optimize travel time for users of the traffic network. In this embodiment, training
for the CNN, NN, and RL is undertaken simultaneously as a whole. In other words, each of
these machine learning approaches are not treated nor assigned to fulfill separate goals. The
system 100 trains the CNN, NN, and RL, as a unit, to achieve a single goal being optimizing the
traffic signal. In a particular case, at instantiation, each of the approaches learns its task without
knowing its specific role. In a particular case, as illustrated in FIG. 4, the combination of the
CNN and the NN is referred to as a ‘Deep Neural Network,” and the three approaches together

are referred to as ‘Deep Learning.’

[0050] In a particular approach, intelligent traffic signal control can make use of RL to learn an
optimal strategy to minimize the travel time for drivers; as illustrated in FIG. 5. RL is a technique
suitable for optimal control problems that have highly complicated dynamics. Generally, these
control problems are either difficult to model, difficult to control, or both. In RL, the controller,
sometimes referred to as an ‘agent,” generally does not have any knowledge of the environment
where it is applied. At initiation, the agent starts taking random actions, referred to as
exploration. For each action, the agent observes the resulting changes in the environment via
sensors. The agent also receives a numerical signal, referred to as reward, as an indicator of
the success of its actions. In an optimal control scenario, the objective of the agent is to

optimize a cumulative reward signal; not merely optimizing each immediate reward it receives.

[0051] For problems like traffic signal control, the actions of the agent can affect the future state
of the system, so the machine learning module 124 generally must consider the future
consequences of the agent’s actions, beyond the immediate impact. After some time or a
number of exploration iterations, the agent starts learning about the environment and takes
fewer random actions; instead, it takes actions that, based on its experience, can lead to better
performance. In this embodiment, the machine learning module 124 uses Q-learning, a type of
RL approach. Q-learning uses a Q-value function, Q(s, a), as a prediction of an expected
cumulative reward received after doing action a while the system is at state s. The goal of the
RL agent is to learn this function and to take actions that maximize expected cumulative reward
received in the future. At the beginning, the values of the Q-value function are initialized with
zeros, or random numbers. In this approach, the Q-value function is updated using the following

approach (where Q¥ is the estimate of Q at time step k):
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Initialise Q°(s, a), S°
Choose a® at s° using policy derived from Q — value

Repeat for each time step:

Take action a*, observe r¥, sk+1

Qk(Sk, ak) — Qk_l(Sk, ak) +a [Tk + Yy max, Qk_1(5k+1, ak+1) _ Qk‘l(sk,ak)]

k+1 Sk+1

Choose a™*™* at using policy derived from Q — values, with some exploration

[0052] Generally, RL is best suited for discrete environments and work in tabular format. Due to
these characteristics, RL generally only works on a system that has small state-space. With
each extra feature in state-space, the size of the Q-table grows exponentially, which can lead to
what is referred to as a curse of dimensionality. In addition, to apply RL to continuous-space
problems, the state values generally must be discretized; which generally requires an expert’s
knowledge of the problem. Another issue with discretization is that if the discretization is too
rough, then the agent may not perform properly because it cannot sense the changes in the
state. While if the discretization is too fine, the dimensionality of the Q-tables increases and
problems with dimensionality will generally arise. Additionally, since the agent learns the value
of each state-action separately, it has limited generalization capabilities, and it does not have
the ability to perform well when faced with unvisited states (empty or inadequately learned cells
in the Q matrix). Furthermore, as the size of the Q-table increases, the training time increases
because the agent has to visit each state-action pair enough times to gain meaningful

experience.

[0053] In the system 100, to address at least the above, a Neural Network (NN) is included to
work as function approximator beside the RL algorithm; as illustrated in FIG. 8. In particular
cases, NN and RL combined can have stability issues. Both NN and RL are trained based on
sampled data. NN generally needs to be fed non-correlated inputs to converge, while in RL,
each input data is correlated to its previous and next data samples (s*=1,s%, s**1). Also, in RL,

a general goal is to minimize a temporal difference (TD) of the Q-values, given:

TD = Qk(sk,ak) _ [Tk +ka‘1(sk+1,ak+1)]
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where s* is the state of the traffic environment, described by the sensory information; a* is the
action of the controller, with indicates the phase that will turn green in the next time step (if a* =
a*~1, then the current green phase extends); and r* is the reward value that the controller
receives reduction in the cumulative delay, right after applying a* to the environment.
Consequently, after applying action a®, the state of the intersection changes to a new state
sk¥*1 The entire sequence of (s*, a*, r¥, s**1) is one full interaction of the system 100 with the
traffic environment. In particular cases, training data comprises many (for example, thousands)
of such sequences, which the system 100 uses to update its mapping from states to optimal
actions (for example, via the Q-function). In some cases, the training sequences can be
observed directly in real-life scenarios (i.e., in the field). In other cases, the training sequences
can be observed in a simulation environment (virtual replica of the real intersection). In some
cases, it may be more appropriate to train the model to maturity in a safe simulated
environment, then deploy the system 100 in the field. In some cases, the model can continue to

be trained and refined in the field as new data is observed.

[0054] Minimizing the TD, in terms of NN, means that target for the NN is r* +

y QF=1(s**1, a*+1). Thus, a target of the NN is itself a function of the NN’s output, and with each
update it is changing. This changing target can create instability issues for the NN training. In
order to address this issue, the present embodiment incorporates two techniques: Experience
Replay Memory and periodic update of the target network. In Experience Replay Memory, the
agent stores its interaction with the environment, and later takes random samples from the
replay memory and trains on them. In this way, input samples are neither sequential nor
correlated. In the periodic update of the target network, there are two networks defined as Q-
value approximators, Q (s, a) and Qiqrge: (s, @). Although Q(s, a) is being updated at each

iteration, Qrqrget (s, @) is kept unchanged for some period, referred to as a target update period.

The new TD is given as:

TD = Q(Sk;ak) - [rk +VQtarget(Sk+1;ak+1)]

[0055] The Qtarge: (s, a) target network gets updated by the machine learning module 124
periodically with much lower rate than the Q(s, a) network. With this technique, the target for the
NN (% 4+ Qrarger (s“*1, a**1) is not changing as frequently, and therefore, the training is more
stable. In some cases, the machine learning module 124 updates the Q;q,4.: (s, @) target

network by replacing the old Q4. (s, a) target network with the most recent Q(s, a) network:

10
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Qtltcarget(s; a) = Q%(s,a); every C iteration

where C is the target update period.

[0056] Although NNs provide more flexibility when combined with RL, generally there may be
some issues that restrict their applications. Generally, such approaches may require pre-
processing to collect information from sensors (i.e., extracted features) and combine such
information such that it is compact and easy-to-understand for the agent. This pre-processing is
generally necessary because NNs with RL do not handle very large sized inputs well, and as
such, they can be prone to overfitting. This pre-processing is generally directly designed by an
expert; such as in the present case, someone who is knowledgeable in both transportation and
control aspects. Furthermore, where there is modification to the system (for example, adding
transit or upstream flow information as described herein), the pre-processing may need to be

redesigned, and there would likely be an increase the size of the state-space.

[0057] Generally, the most commonly used measure for the state of a traffic signal control
problem is the queue length on each street approaching a traffic intersection. However, there
may be limitations to using this measure because it generally ignores moving vehicles
approaching the end of the queue. Additionally, there is generally no standard definition of what
constitutes the queue; for example, a speed threshold based on which vehicles are considered
to be moving or in the queue, or conditions on the vehicles which were in the queue and now

are moving but have not yet cleared the intersection.

[0058] In an embodiment, the system 100 makes use of advancements in sensors as a data
source to solve the technical problems in traffic control; for example, using radar sensors, high-
fidelity computer vision, and connected vehicles. Using data from such sensors, the system 100

can extract more detailed information to achieve better performance in the traffic network.

[0059] Advantageously, the data extraction module 122 is able to receive raw high-dimensional
sensory input data without expertise and have the machine learning module 124 extract useful
features from the data directly. In an embodiment, the machine learning module 124 uses a
specific type of NN called a Convolutional NN (CNN). Such NNs are often used in other
disparate fields of art, particularly in image processing applications. CNNs advantageously have

the ability to extract useful information from large inputs like images.

[0060] In a particular case, a basic unit of CNNs are referred to as convolutional filters.

Convolutional filters are small regions that are used to examine a small part of the input (for

11
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example, one or more pixels of an image) and then swipe across the whole of the input. In a
particular case, filters in first layers extract basic information (for example, sudden changes in
colour in small parts of the input), while as more layers are added, more complicated concepts
are detected (for example, shapes, faces, and patterns). In general, each filter swiped across
the input produces an output the same size as the input. However, the machine learning module
124 can reduce the size of the output by techniques like striding or pooling. For example, by
moving the filter one pixel to the right, the new part of the input that the filter is processing now
has changed only slightly compared to the last step; thus, in striding, the machine learning
module 124 lets the filter skip some pixels while swiping the input. If the machine learning
module 124 skips only one pixel at a time, it will reduce the size of the output to a quarter of the
size. Thus, in each layer, the size of the input can be decreased by the factor of 4, without

generally losing useful information.

[0061] Given that CNNs are generally specialized for image processing, the present inventors
recognized the advantages of reconfiguring traffic sensor input data to a form that resembles
the structure of an image. The data extraction module 122 configures the traffic sensor data to
be in a form of a matrix, where each cell of the matrix has a value such that the machine
learning module 124 is able to exploit the CNNs. In an embodiment, the traffic sensor data is
received from the traffic light network 150, the traffic sensor data comprising data received from
any high fidelity sensory source; for example, one or more traffic cameras, one or more radars
(for example, Smartmicro™ radar sensors), or from one or more connected vehicles
communicating their location and speed to the traffic light network 150. The connected vehicles
can passes such data to the traffic network interface 108, or directly to the traffic network
interface 108, via, for example, Dedicated Short Range Communication (DSRC) or the like. With
either type of sensor, the system 100 has access to the location and speed of each vehicle on

each street approaching the intersection.

[0062] In order to present the traffic sensor data in a form similar to an image for the CNN, the
data extraction module 122 can ‘pixelate’ the surface of the street into smaller partitions or cells.
In an embodiment, each partition js d meters long with a width equivalent to one lane of the
street. In some cases, a reasonable value for d can be an average length of vehicles; if d is too
large the state space becomes too aggregate, and precision of information can be lost. On the
other hand, a smaller d may lead to unnecessary large state space without providing more
information. Accordingly, each cell covers a segment of the street approaching the intersection.

In the present embodiment, if there is a vehicle on the street, the data extraction module 122
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contributes a ‘1’ to a specific cell corresponding to the partition of the street occupied by the
vehicle; otherwise the data extraction module 122 contributes a ‘0’. In this way, the data
extraction module 122 allots a matrix with Whole Numbers ({0 U N}) for each street
approaching the intersection. By putting together these matrices for all the streets approaching
the intersection, an image-like representation is produced of the position of vehicles
approaching the intersection. In an embodiment, the data extraction module 122 also generates
a matrix for the speed of the vehicles approaching the intersection. However, instead of the data
extraction module 122 allotting the cells with a 1 in the presence of a vehicle, the data extraction
module 122 allots the cell associated with the vehicles with a value representing the average
speed of the vehicles. Accordingly, the data extraction module 122 generates two matrices of
the same size. The data extraction module 122 combines the two matrices to generate a single
2-layer image, which can then be provided to the CNN implemented by the machine learning
module 124. Advantageously, combining the matrices allows for greater computing resource
management by not having to run each matrix through a CNN separately. Additionally, having a
combined matrix examined by the CNN can be more powerful because it allows the system 100

to capture correlations between the position matrix and the speed matrix.

[0063] FIG. 7 illustrates exemplary sensor readings of vehicles approaching an intersection to

determine their speed and position for provision to the system 100.

[0064] In an embodiment of the system 100, the data extraction module 122 also generates a
matrix for the occupancy (or amount of people) associated with each of the vehicles
approaching the intersection. Thus, the data extraction module 122 allotting the cells with a
number representing the number of people travelling in each vehicle. In this embodiment, the
traffic network interface 108 receives data representing the occupancy of each vehicle from, for
example, connected vehicles having weight sensors to determine the occupancy of the vehicle,
transit vehicles having records of the amount of people who have paid to ride the vehicle (for
example, Automatic Passenger Count Units), ride-hailing apps associated with a vehicle that
have data representing the number of paying occupants, infrared sensors at the intersection
that are configured to recognize people, or the like. Advantageously, this allows the system 100
to optimize travel time through the intersection on a per-person basis, rather than merely on a
per-vehicle basis. Thus, allowing approximately the greatest amount of people to flow through
the intersection in a most efficient fashion. In yet further embodiments, the system 100 is
capable of processing even higher dimensional sensory inputs from respective sensors without

necessitating modification to its structure, merely by adding additional matrix layers; for
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example, taking into account a destination of the vehicles approaching the intersection to

identify which vehicles are turning left, turning right, or proceeding straight.

[0065] In addition to the position and speed of the vehicles, in some cases it may be useful for
the system 100 to know the current green phase and the duration that the current phase has
been green (referred to as elapsed time). These two values, with the output of the CNN, can be
concatenated to a feedforward neural network (FNN), which can be a part of the machine

learning module 124.

[0066] FIG. 8 illustrates an example of discretization of streets approaching an intersection in a
grid-like fashion by the data extraction module 122. The data extraction module 122 combines
each of the cells of the grids into a multi-layered matrix 800. As described herein, this multi-
layered matrix 800 can comprise two, three, or more layers. In the example of FIG. 8, a first
layer matrix has the aggregate occupancy of vehicles in each cell and a second layer matrix has
the average speed of vehicles in each cell. In the example of FIG. 8, the discretization of the

street occurs at a length of every d metres (for example, 5 metres).

[0067] Generally, there are two major issues when defining a reward function for traffic signal
control. Firstly, although a goal for control is to minimize the total travel time for all vehicles, it is
generally desirable to not impose unacceptable delays to streets with lower traffic in order to
achieve this goal. Secondly, perfect information on which to base the traffic control generally
does not exist. Detection can thus become a nemesis of traffic control, regardless of the

sophistication of its logic.

[0068] An exemplary technical problem addressed by the system 100 is to reduce the traffic
signal delay or the travel time for vehicles, or in some embodiments people, approaching the
intersection. In order to do that, the machine learning module 124 can develop and use a
reward function that the present inventors have determined can be used to overcome the

technical problem.

[0069] As described herein, whenever a vehicle enters an intersection approach (i.e. entering a
street block leading to the intersection), that vehicle is monitored in the environment to log its
speed and delay. So, at each time step, the system 100 can compile a list of the all the vehicles
in the intersection (VL! = {u|vehicle u is in the intersection at time step t}) with their speeds
spi, and delays df,. The vehicles in the intersection can be separated based on their movement
(VL = Upen VLE,), with M indicating the set of possible movements at the intersection. In an
ordinary intersection, M = {N,NL,S,SL,W,WL,E,EL}. N, S, W, and E represent Northbound,
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Southbound, Westbound, and Eastbound, respectively; and L represents left turn movements.

The system 100 can determine a cumulative delay of the intersection at time step ¢ (CD?) as:

cDt = 2 d5=2 2 dﬁzECDﬁv

u€eveLt MEM yevLi, meM
where CD}, is the cumulative delay of the movement m at time step t.

[0070] The system 100 can then determine the delay of each vehicle (d%). In an embodiment, a
vehicle is considered to be delayed when it is in the queue; in other words, when it is delayed
because of the traffic signal. Accordingly, a variable, ingl, is used to indicate if a vehicle is in
the queue or not at time step £. In this embodiment, a vehicle is considered to be in the queue
only if its speed (spf,) is below a predefined queue speed threshold (qu).

mat,= (v SPi < SPq
0, 0. w.
[0071] Accordingly:

di=di'+inql, ; d5=0 VueVL

[0072] Thus, cumulative delay (CD?) can be determined as a summation of the individual
vehicle delays (df). In an embodiment, if there is a stationary vehicle (with speed below the
threshold), that vehicle increases the cumulative delay, and if a vehicles exits the intersection,
its entire delay is removed from the summation of the cumulative delay. In this embodiment,
when a vehicle passes the stop bar and leaves the intersection, it is no longer considered in the
set of the vehicles in the intersection (VL!). Hence, there is a sudden decrease in the cumulative

delay of the movement and the intersection by the amount of that vehicle’s delay.

[0073] For the embodiment where occupancy of the vehicles is considered, ing!, becomes:

t t
Oy lf Spy < Spq
0, 0.W.

ingl, = {
where o}, is the occupancy of the vehicle.
[0074] For the embodiment where information of transit vehicles is considered, ingf becomes:

oL, ifspl< Spq and transit vehcile u is not boarding/alighting

ingl = {
Tu 0, 0.W.
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[0075] In some cases, the transit can be excluded from consideration when determining the
delays when the transit vehicle is at the stop boarding and alighting, because the traffic control

should not be penalized for delays not caused by its actions.

[0076] In an embodiment, the machine learning module 124 strives to maximize the reduction in

the cumulative delay of the intersection (CD;), and the reward function becomes:
rk = cpk=t — cDk

[0077] In some cases, the delay of the individual vehicles can be extracted from in-vehicle
sensors and vehicle-2-infrasructure communication. In other cases, the delay of each approach
can be approximated without having access to the actual delay of the vehicles. For such
approximation, the queue lengths (gf, ) can be used; based on how many cells of the matrix are
occupied with slow vehicles, and the output flows of the intersection (0%,).

[0078] For the approximation, an auxiliary variable zf,, m € M can be used that represents the
vehicles contributing to the cumulative delay (CD) of a movement. In this case, m is the index of

the movement and { is the time step.

2 = { qt., if the signal is red for movement m at time step t

™zl — 0L, if the signal is green for movement m at time step t
[0079] In this case, the system 100 tracks the number of vehicles in the queue when the traffic
light is red. In this way, the delay of movement can be thought of as building up because of
these vehicles in the queue. When the signal turns green, the system 100 can focus on the
vehicles that were in the queue during the red-light time and assume that the delay of the
movement is divided among them equally. If 0f, vehicles in the movement exit the intersection,
it means that now there are still z{ ' — 0%, vehicles that have been delayed during the red
signal. Consequently, the delay of the approach drops with the proportion of the vehicles left in

the intersection to all the vehicles initially contributing to the movement delay. Hence, when one

t

of the vehicles leaves the intersection, the delay of the movement CD%, decreases by Z(i’_”l.
CDEY + qb,, if the signal is red for movement m at time step t

CDp = O 1 . . .
1——==).CDp, " if the signal is green for movement m at time step t
Zm

[0080] Thus, the above determination can be used by the machine learning module 124 to

approximate a delay of each movement.
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[0081] In an exemplary embodiment for vehicular traffic flow a typical 4-way intersection, the
action module 126 can have eight possible actions, each representing one possible phase of
the traffic signal. If the movement of traffic is categorized into: Northbound, Northbound Left-
turn, Southbound, Southbound Left-turn, Eastbound, Eastbound Left-turn, Westbound,
Westbound Left-turn (N, NL, S, SL, E, EL, W, WL), then each phase is a set that includes two of
non-conflicting movements. The Action space, or the phase set, is A = {(NL, SL), (N, NL), (S,
SL), (N, S), (EL, WL), (E, EL), (W, WL), (E, W)}. The action module 126 can choose an action at
certain points-in-time. These points in time should capture the real-world constraints of yellow,
all-red, and minimum green times, during which the traffic signal is not expected to change. In
an example, the current phase (the phase that the signal is green for) can be (N, S) and, at the
current moment, the action module 126 must select an action. If the action that the action
module 126 selects is (N, S), it means to extend the current green signal by At second, then the
next decision point-in-time will be At seconds later; for example, At can be equal to 1. However,
if the action module 126 selects any action other than (N, S), then the traffic signal has to go
through 3 periods of yellow, all-red, and minimum green times of the next phase, before the
action module 126 can select another action. During this period the action module 126 is on

hold and not allowed to select actions.

[0082] When electing an action, the controller module 126 examines the state of the traffic
signals for the intersection, and the machine learning module 124 determines the Q-values for
all eight possible actions (for this example). The machine learning module 124 selects the action
that has highest Q-values (highest expected future reward) and instructs the action module 126
to apply the selected action by communicating it to the traffic light network 150 via the traffic

network interface 108.

[0083] The present inventors experimentally evaluated the system 100 using partial information
(different penetration rates) using data received from connected vehicles, and with different
discretization lengths. Simulations were undertaken that showed that the system 100
outperforms conventional intelligent traffic signal controllers, including those using RL
approaches with neural networks (NNs) as a function approximator that uses queue length as
the state space, with penetration rates as low as 40% and with discretization lengths as large as

50 meters.

[0084] An experiment was run assuming data was received from connected vehicles. In this
case, an important factor is the penetration rate. The present inventors tested the performance

of the system 100 for different penetration rates of connected vehicles. Accordingly, if the
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penetration rate is X%, the system 100 only receives information from X random cars in every
100 cars. The present inventors’ simulations show that if the penetration rate is as low as 40%,
then the system 100 works as well or better than other approaches. In another experiment,
different discretization lengths were tested up to 100 meters, and up to 50 meters the

deteriorations were not significant.

[0085] Advantageously, the system 100 was capable of processing extra information including,
transit and vehicles approaching the upstream end of the queue, without necessitating structural
changes or experts’ knowledge. The system 100 outperformed the-state-of-the-practice transit
signal priority systems in different scenarios, including low-frequency, high-frequency, high-
occupancy, low-occupancy, low penetration of CVs, and opposing transit lines with high margins
of 40%.

[0086] Advantageously, the system 100 described herein provides self-learning traffic signal
control that learns optimal control policy from direct interaction with the environment of the traffic
light network. In other cases, applying an untrained agent to a real traffic signal is not practical.
Accordingly, the system 100 can be trained using traffic micro-simulation software; for example,
Quadstone™ Paramics. Using traffic micro-simulation software allows the system 100 to train in

a safe simulation environment that can be very close to those found in real-world applications.

[0087] FIG. 3 illustrates a method 300 for multimodal deep traffic signal control for an
intersection of a traffic network, in accordance with an embodiment. At block 302, the data
extraction module 122 receives sensor readings data from the traffic light network 150 via the
traffic network interface 108. The sensor readings data comprising a first physical characteristic
and a second physical characteristic for vehicles approaching the intersection. In various
embodiments, the first or second physical characteristic each can be one of speed of a vehicle,
position of the vehicle, or occupancy of the vehicle. At block 304, the data extraction module
122 discretizes the data into the grid pattern described herein. The data extraction module 122
associates a first value for each cell representing the first physical characteristic of each vehicle
if such vehicle at least partially occupies such cell, otherwise associating a null value for the cell,
generating a first matrix comprising the first values for each cell. The data extraction module
122 also associates a second value for each cell representing the second physical characteristic
of each vehicle if such vehicle at least partially occupies such cell, otherwise associating a null

value for the cell, generating a second matrix comprising the second values.
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[0088] At block 306, the machine learning module 124 combines the first matrix and the second
matrix as separate layers in a multi-layered matrix and determines a state and a reward using

the machine learning techniques described herein.

[0089] At block 308, the controller module 120 uses the determined state and reward to
evaluate and select one or more actions, and update its parameters accordingly, in order to
optimize an objective function, as described herein. At block 310, the action module 126 applies
the selected actions by the controller module 120 by outputting the action to the traffic light
network 150 via the traffic network interface 108. The method 300 can be repeated on a
periodic basis to account for changes to the position, speed, and occupancy of vehicles

approaching the intersection over time; for example repeated every second.

[0090] Accordingly, embodiments of the present disclosure advantageously provide intelligent
traffic signal control that can concurrently consider both vehicular traffic and occupancy of such
traffic to minimize the total travel time of all people approaching an intersection. In a particular
case, the system 100 gives priority to people regardless of the mode or type of vehicle in which
they travel. In this way, the system 100 is able to directly extract useful information from raw
traffic input data and approximate a cumulative delay of each movement in order to make
proper actions (serving selected movements). The decisions can be revisited after a certain
period, for example, every second. The system 100 can learn to map traffic states to an optimal

action via direct interaction with such traffic.

[0091] Advantageously, embodiments of the present disclosure are able to consider the travel
times of the number of people taking a transit vehicle, along with considering travel times of
people taking private transportation. The relative importance of each transit vehicle is
determined by considering its on-board number of passengers. Modern transit vehicles record
the number of passengers on board via, for example, Automatic Passenger Count Units. In this
way, the embodiments of the present disclosure are able to handle occupancy information and
optimize occupant travel time for each vehicle, rather than merely optimizing vehicle travel time.
Additionally, if the occupant information is not available, the system 100 can advantageously
predict the amount of people on a vehicle using the average occupancy of a type of vehicle (or
with other factors, such as time of day) received from historical data. Otherwise, the system 100
can also optimize traffic on a per-vehicle basis if sufficient occupancy data is not available, as

described herein.

[0092] Advantageously, embodiments of the present disclosure are able to discretise only the

street approaches of the intersection, as illustrated in FIG. 6. Other approaches, as exemplified

19



WO 2019/200477 PCT/CA2019/050477

in the diagram of FIG. 12, discretize the whole of the intersection. Thus, the present
embodiments provide a significant computational and sensor savings by not having to consider

the extraneous areas of the intersection, such as those considered by the other approaches.

[0093] Although the invention has been described with reference to certain specific
embodiments, various modifications thereof will be apparent to those skilled in the art without
departing from the spirit and scope of the invention as outlined in the claims appended hereto.

The entire disclosures of all references recited above are incorporated herein by reference.
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CLAIMS

1. A method for traffic signal control for an intersection of a traffic network, the traffic

network comprising one or more sensors, the method comprising:

receiving sensor readings from the one or more sensors, the sensor readings
comprising a plurality of physical characteristics associated with vehicles

approaching the intersection;

discretizing the sensor readings based on a grid of cells projected onto one or

more streets approaching the intersection;

for each of the plurality of physical characteristics, associating, for each of the cells
in the grid of cells, a respective value for the cell in the grid of cells representing
the physical characteristic associated with each of the vehicles if the vehicles at
least partially occupy the cell, otherwise associating a null value for the cell, and
generating a matrix associated with the physical characteristic comprising the

respective values for each cell in the grid of cells;

combining each matrix associated with each of the plurality of physical

characteristics as separate layers in a multi-layered matrix;

determining, using a machine learning model trained with a traffic control training
set, one or more traffic actions with the multi-layered matrix as input, the traffic
control training set comprising previously determined multi-layered matrices for a

plurality of traffic scenarios at the intersection; and
communicating the one or more actions to the traffic network.

2. The method of claim 1, wherein one of the physical characteristics is speed of the

vehicles and another one of the physical characteristics is position of the vehicles.

3. The method of claim 1, wherein one of the physical characteristics is occupancy of the

vehicles.

4. The method of claim 3, wherein data representing the occupancy of the vehicle is

approximated using an average occupancy for each type of vehicle.
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10.

11.

The method of claim 3, wherein at least one of the vehicles is a transit vehicle, and
wherein the sensor associated with the occupancy of the vehicle comprises an

automated passenger counter associated with the transit vehicle.

The method of claim 1, wherein the machine learning model comprises a convolutional

neural network and reinforcement learning.

The method of claim 6, wherein the machine learning model comprises Q-learning by
iteratively updating a Q-value function, and wherein the determination of the one or more

traffic actions is determined as the traffic actions that have the highest Q-values.

The method of claim 6, wherein the machine learning model is used to optimize a reward
function by minimizing cumulative delay of the vehicles approaching the intersection, the
reward function comprising cumulative delay at a previous iteration minus cumulative

delay at a present iteration.

The method of claim 8, wherein the cumulative delay is determined as a summation of
delays over each possible movement of the vehicles in each approach of the

intersection.

The method of claim 9, wherein the vehicles are considered in delayed if their speed is

below a predetermined speed threshold.

A system for traffic signal control for an intersection of a traffic network, the traffic
network comprising one or more sensors, the system comprising one or more

processors and a data storage, the one or more processors configurable to execute:
a data extraction module to:

receive sensor readings from the one or more sensors, the sensor
readings comprising a plurality of physical characteristics associated with

vehicles approaching the intersection;

discretize the sensor readings based on a grid of cells projected onto one

or more streets approaching the intersection;

for each of the plurality of physical characteristics, associate, for each of

the cells in the grid of cells, a respective value for the cell in the grid of
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12.

13.

14.

15.

16.

17.

18.

cells representing the physical characteristic associated with each of the
vehicles if the vehicles at least partially occupy the cell, otherwise
associating a null value for the cell, and generate a matrix associated with
the physical characteristic comprising the respective values for each cell

in the grid of cells;

a machine learning module to combine each matrix associated with each of the
plurality of physical characteristics as separate layers in a multi-layered matrix, and
to determine, using a machine learning model trained with a traffic control training
set, one or more traffic actions with the multi-layered matrix as input, the traffic
control training set comprising previously determined multi-layered matrices for a

plurality of traffic scenarios at the intersection; and
a controller module to communicate the one or more actions to the traffic network.

The system of claim 11, wherein one of the physical characteristics is speed of the

vehicles and another one of the physical characteristics is position of the vehicles.

The system of claim 12, wherein one of the physical characteristics is occupancy of the

vehicles.

The system of claim 13, wherein data representing the occupancy of the vehicle is

approximated using an average occupancy for each type of vehicle.

The system of claim 13, wherein at least one of the vehicles is a transit vehicle, and
wherein the sensor associated with the occupancy of the vehicle comprises an

automated passenger counter associated with the transit vehicle.

The system of claim 11, wherein the machine learning model comprises a convolutional

neural network and reinforcement learning.

The system of claim 16, wherein the machine learning model comprises Q-learning by
iteratively updating a Q-value function, and wherein the determination of the one or more

traffic actions is determined as the traffic actions that have the highest Q-values.

The system of claim 16, wherein the machine learning model is used to optimize a

reward function by minimizing cumulative delay of the vehicles approaching the
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intersection, the reward function comprising cumulative delay at a previous iteration

minus cumulative delay at a present iteration.

19. The system of claim 18, wherein the cumulative delay is determined as a summation
over possible movements of delays over each possible movement of the vehicles in

each approach of the intersection.

20. The system of claim 19, wherein the vehicles are considered delayed if their speed is

below a predetermined speed threshold.
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