Computer System and Method for Monitoring a Traffic System
Technical Field

[001] The present invention generally relates to traffic control systems, and more
particularly, relates to methods, computer program products and systems for traffic control

system monitoring.
Background

[002] Traffic control systems are used to control the traffic flow of vehicles and pedestrians
primarily via respective traffic lights. Vehicles which are enabled to anticipate the light signals
of traffic lights can adjust their driving behavior to save energy or fuel consumption. Some
mechanisms for retrieving information about traffic light status of traffic control systems and
switching cycles in any geographical region (e.g., a city, a town, a district, or a country-side
area) are known in the art. However, in order to access the information of traffic lights within
a region it is often needed to connect to several traffic light infrastructure systems delivered
by different technology providers. Typical traffic light infrastructure landscape includes
systems from different providers and from different technological generations, with restricted
or no compatibility between the systems. Current systems usually provide limited access to
traffic light switching cycle data, requiring additional hardware and software add-ons. Data
delivery latency times provided by legacy systems are usually very high, rendering the
available information from such legacy systems not useful for modern real-time applications
such as vehicle powertrain optimizations and improved driver safety services. Current
systems typically only handle information of a limited amount of traffic lights simultaneously.
Not all current traffic light systems provide support for “Signal Phase and Timing” (SPaT) and
“Road Topology” (MAP) traffic data information formats, increasing the complexity of cross-
systems integration due to lack of data homogenization. Systems taking advantage of traffic
light switching cycle information are not easily transportable and/or applicable to new

locations and world regions.

[003] Some camera systems which are mounted onboard of a vehicle can be used to
analyze a traffic light status of a traffic light ahead and use the information guidance of the
vehicle. Crowdsourced data originating from a plurality of vehicles are used to detect and
predict the traffic signal schedule of traffic lights where actual traffic occurs. However, such
predictions typically lack accuracy in that they cannot be assigned to particular lanes of the

road.

Summary



[004] Hence, there is a need for a traffic control monitoring system which can monitor the
status of an entire traffic control system with an improved topological accuracy. This problem
is solved according to the independent claims by providing a monitoring system for a traffic
control system, a computer-implemented method for monitoring a traffic control system, and
a computer program product which, when executed by the monitoring system, performs the

monitoring method.

[005] The disclosed solution makes use static visual sensors, such as for example cameras
or photocells, to detect the state or status of traffic lights belonging to the traffic control
system. As a simplifying assumption it is assumed that the status of a traffic light can be red
[r], yellow [y], or green [g]. Of course, in a real scenario other states can occur. For example,
a state [r/y] may occur before the status switches to [g]. There may be other states, such as
for example, [g blinking]. Further, different colors or a different number of colors or different
combinations thereof may be used to define states. A person skilled in the art can easily
apply the disclosed concepts to any number of states for a traffic light. Each state (status) of
a traffic light has a clearly defined meaning to control traffic. Such status data are then

consumed by the traffic control monitoring system.

[006] The monitoring system includes an inbound interface module (component) to receive
the status data from the visual sensors indicating the current status of the respective traffic
light.

[007] An analytics module (component) of the monitoring system makes use of machine
learning algorithms to train a model for the signal phases of a traffic light. After the model has

been trained, the module is able to predict signal states in the future.

[008] An Outbound Information module (component) can publish the current status of traffic
signals as well as predictions of future states. This data can be relevant for all kind of
SPaT/MAP Applications including Car2X scenarios, such as for example autonomous

driving, and may also contain SPaT and MAP information.

[009] A ftraffic control system in the context of this document includes at least a plurality of
traffic lights to control traffic in a defined geographic area (e.g., an entire city or a quartier).
The traffic control system may further include components such as induction coils for vehicle
detection in front of traffic lights or other sensors for traffic detection. It may also include

further signs or actuators (e.g., railway crossing gates, etc.).

[0010] The inbound interface component receives a stream of sensor data from a plurality of
statically mounted visual sensors. Each visual sensor is configured to capture light signals of

at least one of the traffic lights and each traffic light is sensed by at least one of the visual
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sensors. The received sensor data include a current signal status of each traffic light, for
example, [r], [y], or [g]. Examples for statically mounted visual sensors include a digital
camera which is mounted with a field of view including at least one of the traffic lights or
photocells mounted on a respective traffic light to measure light emitted by the respective
traffic light. The visual sensors can either analyze the pictures or light signals of the traffic
lights in a local computer vision system or forward the pictures or light signals to an external
computer vision system to detect the current signal state of the respective traffic light. For
example, such a computer vision system can extract the color information (e.g., red, yellow,
green) and forward the result to a detection mechanism. A person skilled in the art of image
processing can identify multiple traffic lights in one picture and retrieve the colors of each
light to determine the overall status of each traffic light which is located in the field of view of
the respective camera sensor. It is also possible to associate the identified traffic lights in the
image of a particular visual sensor with specific lanes for which are controlled by the
respective traffic lights in multi-lane traffic situations. In contrast to mobile cameras, the static
deployment of visual sensors can offer more accurate data since the position of the visual
sensors is fixed. That is, a process to determine the geographical location of the visual
sensor, as it is required in scenarios where mobile cameras are used, and the subsequent
computation to identify the filmed traffic light are therefore not required. A further advantage
of using statically deployed visual sensors can be that, in cases where the traffic control
system includes multiple signaling sub-systems (i.e., clusters of traffic lights which are jointly
controlled) which have different technical properties (e.g., running on different
communication protocols, having different capabilities in tracking the switching status of the
various traffic lights in the sub-system, etc.), the detection of the signal status of each traffic
light is completely decoupled from the existing traffic control system infrastructure. As a
consequence, the proposed solution can integrate any legacy traffic control system by just
providing a common communication infrastructure for the visual sensors. For example, the
sensor data can be submitted to the monitoring system by using communication
infrastructures such as WIFI, Zigbee or other mobile/wireless and/or cabled communication

solutions.

[0011] The analytics component is configured to predict at least one future signal status for
each traffic light of the plurality of traffic lights based on the use of a machine learning
algorithm applied to current signal status data and previously received signal status data.
The at least one future signal status includes the expected point in time when the current

signal status will switch from the current to the future signal status.

[0012] The outbound status provisioning component is configured to send at least one

message to a vehicle wherein the at least one message includes the current signal status
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and the at least one future signal status of at least one traffic light. The sent message is
configured to influence the operation of the vehicle which includes to control the operation,
by control signals/messages, without human interaction. For example, the sent message
may include data relevant for a Signal Phase & Timing (SPaT) and/or Intersection Geometry
and Topology (MAP) application to be executed by the vehicle. For example, MAP messages

convey the geometric layout of an associated intersection.

[0013] In one embodiment, the inbound interface can be further configured to duplicate the
received sensor data stream and to delay one of the two sensor data streams versus the
other. In an alternative embodiment, the delay function is implemented in the analytics
component. The analytics component may then use the delayed sensor data stream as a
training stream for the machine learning algorithm, and the non-delayed data stream for

online prediction of signal status changes.

[0014] In one embodiment, the inbound interface can generate data frames of equal length
from the received sensor data stream associated with one or more traffic lights of a signaling
sub-system. This allows using the generated data frames as input for the machine learning
algorithm. The length of a data frame has impact on the accuracy of the status prediction and
on the time needed for training the prediction model. A reasonable frame length can be the
cycle period of the signaling sub-system or a multiple thereof. The cycle period of the sub-
system can be defined as the time interval it takes for a sub-system to arrive at the initial

status again after the system has gone through a plurality of status changes.

In one embodiment, the inbound interface can be configured to receive a further stream of
sensor data from a plurality of statically mounted further sensors wherein each further sensor
is associated with a respective traffic light and includes a traffic status for the respective
traffic light. The traffic status is an indicator for the current traffic affected by the respective
traffic light. For example, induction coils can be used to detect the presence of a vehicle in
front of a traffic light. The detected signal can trigger the switching of the traffic light to the
next status to improve the overall traffic flow. Another example is a request button associated
with a traffic light for pedestrians which — when pushed by a pedestrian - indicates that a
status switch is required for the respective traffic light. Further examples are pressure
sensors, video cameras, etc. The analytics can use the received traffic status sensor data in
the machine learning algorithm for the prediction of the future signal status of the respective
associated traffic lights. The accuracy of the status prediction of traffic lights can be
significantly improved when including traffic status sensor data in the machine learning

algorithm.



[0015] In one embodiment, the inbound interface may further receive traffic light program
data for one or more traffic lights from a traffic management system. The traffic light program
data includes information about programs controlling the signal switching of the respective
one or more traffic lights. For example, the program ID of the program which is currently
running to control the traffic light or the sub-system of traffic lights can be retrieved. Based on
the program ID further program data may be retrieved, such as for example the current state
of the program, the elapsed time since the program started, etc. In general, such further
program data can include run-time data derived from the program in operation, such as data
regarding the algorithm of the program as a sequence of typical traffic light switch patterns,
including time between status changes. Such data is typically available from traffic
management systems which can be interfaced with the monitoring system to allow real-time
program data retrieval. The analytics component can then use the received traffic light
program data in the machine learning algorithm for the prediction of the future signal status
of the respective one or more traffic lights which again may improve the accuracy of the

traffic light status prediction results.

[0016] Further aspects of the invention will be realized and attained by means of the
elements and combinations particularly depicted in the appended claims. It is to be
understood that both, the foregoing general description and the following detailed description

are exemplary and explanatory only and are not restrictive of the invention as described.

Brief Description of the Drawings

[0017]

FIG. 1 is a simplified diagram of a traffic control scenario with a monitoring system for a
traffic control system according to one embodiment of the invention;

FIG. 2 is a simplified flow chart for a computer-implemented method for monitoring a traffic
control system according to one embodiment of the invention;

FIGs. 3 and 4, illustrate details of some method steps of the monitoring method;

FIG. 5 illustrates data frame generation for three traffic lights according to one embodiment
of the invention;

FIG. 6 is an example scenario for a traffic control system at a crossing with traffic lights and
vehicle detectors;

FIG. 7 illustrates data frame generation for the example scenario according to one
embodiment of the invention;

FIG. 8 illustrates components of the monitoring system which implement a machine learning

algorithm and perform light signal prediction according to one embodiment of the invention;
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and
FIG. 9 is a diagram that shows an example of a generic computer device and a generic

mobile computer device, which may be used with the techniques described here.

Detailed Description

[0018] FIG. 1 is a simplified diagram of a traffic control scenario with a monitoring system
100 for a traffic control system according to one embodiment of the invention. FIG. 1 is
described in the context of the computer-implemented method for monitoring the traffic
control system according to FIG. 2. Reference numbers referring to both figures are used in

the following description.

[0019] The traffic control system in the example includes five traffic lights 301 to 305. Traffic
control system as used throughout this disclosure also refers to any sub-system of a large
system. For example, a city may have a traffic control system which is managed by a traffic
management system 300. Such a traffic management system can control the various
programs running in the respective traffic lights and knows about their current status of such
programs. However, also sub-systems of the entire traffic control systems, such as for
example the three traffic lights 302 to 304 which are used to control the traffic on three lanes
312 (turn left), 313 (straight), and 314 (turn right), are perceived as a traffic control system
within the meaning of this application. Traffic light 302 affects the traffic on the turn left lane
312 (e.g., vehicle 401). Traffic light 303 affects the traffic on the straight lane 313 (e.g.,
vehicles 402, 403). Traffic light 304 affects the traffic on the turn right lane 314 (currently no
traffic). The traffic lights 301 and 305 may control the traffic coming from other direction at a
crossing, or they may relate to traffic lights for pedestrians to cross the street (with lanes 312,
313, 314), or they may be totally unrelated to the traffic lights 302 to 304.

[0020] Each traffic light in the respective traffic control system (which may include all traffic
lights or just a sub-system of traffic lights) is associated with a statically mounted (at a fixed
location) visual sensor 201 to 205 which can capture the light signals emitted by the
respective traffic lights. In the example, a digital camera sensor 202 is used which has a field
of view FOV2 (illustrated by dotted lines) to capture the light signals of the traffic lights 302 to
304. Because of the static nature of the camera sensor 202 the camera sensor always
knows exactly the light signal status of the respective traffic light affecting a particular lane.
Light signal status (or just status or state, as used throughout this application) relates to the
current combination of illuminated lights of a traffic light. Image processing techniques known
in the art can be used to extract the light signal status of each of the three traffic lights. The
camera sensor 202 may periodically sample the status of the three traffic lights. However, it

may be advantageous to submit the status data to the monitoring system only when a status
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change of any one of the observed traffic lights actually is detected in order to save
bandwidth in the communication with the monitoring system 100. In an alternative
embodiment, the sensor 202 may provide the status data periodically to the monitoring

system.

[0021] In one embodiment, the monitoring system 100 can optionally be communicatively
coupled with the traffic management system 300 (TMS). The TMS may provide additional
information regarding the overserved traffic lights to the monitoring system. For example, the
TMS may know the identifier of the current control program (program ID) which is currently
running to control the switching of the traffic lights 302 to 304. It may further be aware of the
time which already elapsed since the start of the program or other useful information
regarding the status of the traffic control system. However, the information of the TMS is
optional and is not always available for all traffic lights of the traffic control system. For

example, legacy systems may not be equipped at all with such a TMS.

[0022] In the example, a further statically mounted camera sensor 201 is available to capture
the status of traffic light 301 in the respective field of view FOV1. Traffic light 305 is equipped
with photocell sensors 203 to 205 which are used instead of a camera sensor. The
photocells are attached to the traffic light so that each sensor can capture the status of one
of the lights of traffic light 305. The status signals of all three sensors 203 to 205 provide the
overall status of traffic light 305. In some embodiments multiple photocells per individual light
may be used. For example, traffic lights for buses or trams sometimes use horizontal or
vertical light bars as a sign for the drivers. In this case, two sensors per light are enough to
identify the status of the individual light. The sensors can be mounted under 90 degrees so

that one sensor capturers the horizontal and the other sensor captures the vertical light bar.

[0023] Some traffic lights may be associated with additional sensors providing information
about the current traffic situation (traffic status). In the example, traffic lights 301 to 304 are
associated with such traffic status sensors 211 to 214. Examples for traffic status sensors
include road integrated induction coils to recognize the presence of a vehicle, pressure
sensors which are able to determine the presence of a vehicle through its weight, camera
sensors which can identify the presence of vehicles visually, request sensors which allow to
request a signal change by, for example, pushing the request button (e.g., used by
pedestrians) or using a remotely operable static reporting points/locations (e.g., used by bus
drivers or tram drivers). The traffic status data are typically collected by the TMS 300 and can

be provided to the monitoring system 100 when appropriate.

[0024] The monitoring system 100 receives the current light signal status data of the traffic

lights 301 to 305 from the visual sensors via an appropriate communication infrastructure.
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Optionally, it can also receive traffic status data and traffic light program data via the TMS
300. Thereby, the inbound interface component 110 receives 1100 a stream of sensor data
from the visual sensors 201 to 205 and the received sensor data include a current signal
status of each traffic light 301 to 305.

[0025] The analytics component 120 predicts 1200 at least one future light signal status for
each traffic light based on the use of a machine learning algorithm applied to current signal
status data and previously received signal status data. The at least one future signal status
includes the expected point in time when the current signal status will switch from the current
to the at least one future signal status. In other words, the future signal status as used herein
is a value pair which includes the value of the expected future light signal and the point in
time when the traffic light will switch to the future value. Optionally, the analytics component
can also take into account traffic status data and program data provided through the TMS

300 to improve the accuracy of the prediction results.

[0026] The outbound status provisioning component 130 finally sends 1300 at least one
message M1, M2, M3 to a respective vehicle 401, 402, 403 wherein the at least one
message includes the current signal status and the at least one future signal status of at
least one traffic light 302, 303, 304. Thereby, the sent message is configured to influence the
operation of the vehicle. The message includes lane specific status information. In other
words, the message M1 relates to the turn left lane 312 and is therefore relevant for the
vehicle 401. Messages M2 includes status information for the straight lane 313 and is
therefore relevant for the vehicles 402, 403. The message M3 includes status information for
the turn right lane 314. However, currently there is no data consumer available for this
message. For example, the monitoring system may send all messages M1, M2, M3 to all
vehicles 401, 402, 403 approaching the traffic control system including the traffic lights 302,
303, 304. For example, the communication between the monitoring system 100 and the
vehicles can make use of standard technologies like mobile communication networks and the
Internet protocol. The messages include the traffic light phase prediction information relevant
to selected vehicles. For example, a vehicle systems coordination component may determine
which vehicles should receive the messages according to their location and heading. Each
vehicle which is aware of its lane position can then extract the relevant message and act
accordingly. For example, if the message indicates that the traffic light will switch from green
to red in 6 seconds, the vehicles may automatically adjust their powertrain systems to the
future situation. If a particular vehicle is able to reach the intersection under green light within
allowed speed limits and traffic conditions, then the vehicle can adjust its speed to reach
green light. If the vehicle is unlikely to reach the green light, the vehicle systems can notify

the driver and prepare to slow down the vehicle speed and avoid crossing under red light
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while avoiding sudden and dangerous braking maneuvers. Such a Time To Green Scenario
(TTG) can build upon technology components enabling communication of traffic light state
and intersection topology, and vehicles being equipped with the technology to receive that
information. In addition the aforementioned information has a positive effect on the driving

behavior of the vehicle to reduce greenhouse gas emission.

[0027] Taking advantage of the signal phase information, drivers are notified about the
remaining time before the signal changes, increasing driver’'s awareness of an upcoming
traffic situation and preparedness to react accordingly. In autonomous car applications the
TTG might be used to automatically start and stop the motor (engine) at the optimal point in
time. Such start/stop automation may save fuel/energy by affecting the vehicle to

automatically slow down early enough by reducing energy supply instead of late braking.

[0028] FIGs. 3 and 4, illustrate details of some method steps of the previously described
monitoring method. FIG. 3 illustrates optional sub-steps of the receiving 1100 step which is

performed by the inbound interface.

[0029] In a first embodiment, the inbound interface may further receive 1150 a further stream
of sensor data from a plurality of statically mounted further sensors (cf. FIG. 1, e.g., 211 -
215). Thereby, each further sensor is associated with a respective traffic light and includes a
traffic status for the respective traffic light. The traffic status is an indicator for the current
traffic affected by the respective traffic light. The communicative coupling between the further
sensors and the monitoring system may be implemented as a direct communication or the

traffic status data may be routed through the TMS.

[0030] In a second embodiment, the inbound interface (or alternatively the analytics
component) may duplicate 1110 the received sensor data stream. Thereby, dependent on
the embodiment, only the sensor data stream including the visual sensor data is duplicated,
or in case of also using further traffic status sensor data of the first embodiment, such further
data stream is also duplicated. Then one of the two sensor data streams is delayed 1120
versus the other. FIG. 8 illustrates a detailed embodiment of how this can be achieved. By
duplicating and delaying the received data stream, based on the same data stream, an
artificial time shift can be generated where the delayed data stream includes data (of the

past) for which the future (i.e., the non-delayed data stream) is already known.

[0031] FIG. 4 illustrates optional sub-steps of the predicting 1200 step performed by the
analytics component wherein the predicting sub-steps are complementary to the sub-steps of
the receiving step. In one embodiment, the analytics component may use the received traffic
status sensor data in the machine learning algorithm for the prediction of the future signal

status of the respective associated traffic lights. This can improve the accuracy of the
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prediction because the further sensor data provide additional information about how the
switching cycle of the traffic lights may be affected by external factors such as the current
traffic status. Not shown in FIG. 4 is the optional use of the program data for the respective

traffic lights which can further improve the accuracy of the prediction results.

[0032] In one embodiment, the analytics component may use 1210 the delayed sensor data
stream as a training stream for the machine learning algorithm, and may further use 1220 the
non-delayed data stream for online prediction of signal status changes. Again, it depends on
the embodiment used for the receiving step whether only the visual sensor data or also traffic
status data and or program data are included in the delayed and non-delayed sensor
streams. However, there is a tradeoff between prediction accuracy and the time it takes to
train the prediction model. The more sensor data is included in the received data stream, the
longer it takes to train the prediction model but the more accurate the prediction results will
be.

[0033] FIG. 5 illustrates data frame generation for three traffic lights (TL) 302, 303, 304
according to one embodiment of the invention. The machine learning algorithm requires so-
called data frames as input. A data frame corresponds to a sequence of status vectors
including the characteristic signal switching behavior of a plurality of traffic lights. This
sequence needs to include status vectors at a constant rate. However, typically the visual
sensors provide status updates of the lights signal status of the respective traffic lights only
when the status changes. This is shown in the example of FIG. 5. At the top of FIG. 5 the
legend for the light signal status is defined. In the example, the traffic lights only switch
between three states: [r], [y] and [g]. The upper portion of the figure shows the switching
cycles of the three traffic lights 302, 303, 304 over time t. Each change of state is marked

with a vertical dotted line.

[0034] The second portion of the figure (events) shows the status vectors associated with
each switching event. Each status vector represents the current state of the traffic control
system including TL 302, 303, 304 in this order. In the example, the states [r], [y], [g] of each
traffic light are represented by the numbers 0, 2, 1, respectively. The numbers representing
the states may also be normalized. In this case the states [r], [y], [g] would be represented by
the numbers 0, 1, 0.5, respectively. That is, the light signal data is normalized to the interval
[0, 1]. It may be advantageous to normalize the data because all data values are within the
same value range with similar properties (e.g., between 0 and 1, between -1 and 1, or within
other appropriate value ranges dependent on the machine learning algorithm). In general,
normalization of the data can facilitate the learning process for the computer. Assuming a
first light signal sequence (A): [g] = [y] = [r], and a second light signal sequence (B): [r] >

[y] = [g]. In a first normalization example, [r], [y], [g] can be mapped to (0, 0.5, 1). In a
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second normalization example, [r], [y], [9] can be mapped to (0, 2, 1). Both normalizations
are valid but under certain circumstances the first normalization may be advantageous. For
the first normalization, the monitoring system computer can learn a linear function f(t) =a + b
* t for the signal sequences (A) and (B), with t being the time and a, b being degrees of
freedom which are determined by the computer based on the training data. The linear
property comes from the normalized data of the first normalization where the distance
between the numerical values representing the light signal states is 0.5. For the example
sequences, the data for (A) is 0 < 0.5 < 1 and the data for (B) is 1 > 0.5 > 0 and the first
derivative of f(t) is constant. For the second normalization a non-linear function needs to be
learned by the computer because for the sequences (A) with0 <2 >1and (B) with1<2>0
the first derivative of f(t) is a function of t. The distance between 0 and 2 further varies from
the distance between 2 and 1. That is, a linear function is not sufficient for the computer to
learn the sequences (A), (B). Dependent on the machine learning algorithm the monitoring
system computer may introduce additional degrees of freedom a, b, ¢ which increases the
complexity of the to-be-learned-function: f(t) =a + b *t+ ¢ * t * t. The degrees of freedom a,
b, c are to be learned from the received data. In general, for such non-linear functions more
data and more time is required for the learning process than in the case of using a
normalization with a linear function. As a consequence, the first normalization would be
preferable over the second normalization because it facilitates signal sequence recognition

for the monitoring system.

[0035] For visualization purposes the non-normalized values are used in the example. The
initial state is that all three traffic lights are red. The corresponding status vector is (0, 0, 0).
Then TL 302 changes to yellow. Thus, the corresponding (non-normalized) status vector is
(2, 0, 0), and so on.

[0036] In case that the events are not equidistant, the machine learning algorithm is not able
to process the raw data as they come in. Therefore, the inbound interface may first perform
an auto-completion step for the incoming data stream. The result of this step is shown in the
third portion of the figure (equidistant events). The inbound interface determines a time
interval t; which is used as the base interval for generating artificial events. The time interval
tc should be at least as small as the smallest time interval between two real events in the
event portion. As long as the overall status of the observed traffic control system does not
change (i.e., the time interval between two real world switching events) the inbound
component generates artificial events every time interval t. by replicating the current status
vector. As a result, a series of equidistant events with corresponding status vectors is
generated. Then, each data field of each frame may be normalized. Normalization can be

achieved through mapping a status value onto the interval between 0 and 1. Light signal and
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other detector data values may already have values between 0 and 1. If the elapsed time
after a program start is used (e.g., for improved prediction accuracy), the respective program
time data field may also be normalized so that the program time data field values lie between
0 and 1.

[0037] Finally, consecutive data frames can be defined as input data for the machine
learning algorithm. The start event of a frame is the equidistant event which follows the start
event of the previous frame. In the example the first three frames frame 1, 2 and 3 are shown
wherein the second frame is separated from the first frame by time interval tc. Thereby, each
data frame includes the same number of equidistant status vectors. In other words, each
data frame has the same length. It may be advantageous to use a frame length which covers
at least one switching cycle of the observed traffic control system. This may ensure an
acceptable level of prediction accuracy. However, when additional accuracy relevant data
can be taken into account in the status vectors, also smaller frame lengths may lead to
acceptable prediction accuracy. In the example, the switching cycle of the traffic control

system includes 23 t. and the frame length is chosen accordingly.

[0038] In general, a frame with t=0 being the current time, event(t=0) representing the status
status vector of the traffic control system at the current time, and n being the number of

equidistant time intervals tc defining the length of the frame, has the following structure:
[0039] frame:= [event(t=0), event(t= t;), ..., event(t= (n-1)tc), event(t= nt;)]

[0040] Events at times with t > 0 describe the status of the traffic control system in the past.
Events at times t < 0 describe future states of the traffic control system. The frames are then
further processed by the analytics component having a training module and a prediction

module.

[0041] FIG. 6 is an example scenario for a traffic control system at an intersection with four
traffic lights S1 to S4 and four associated vehicle detectors D1 to D4. Typically, the vehicle
detectors are induction coils which are worked into the road in front of a traffic light to detect
whether a vehicle is already waiting in front of the traffic light. This may affect an earlier
status change of the traffic light form red [r] to green [g] if compatible with the overall traffic
situation. However, also while the status is green [g] the detected signals of the detectors D1
to D4 can provide valuable information about the overall traffic situation. For example, the
frequency of detector signals may indicate the density of the traffic. Other types of detectors
(e.g., pressure detectors, video camera systems, etc.) can be used in alternative
embodiments to implement D1 to D4. In the example scenario, a vehicle 401 is approaching
traffic light S3 and its associated detector D3. The vehicle may go at speed v. However, the

speed may vary over time and other vehicles may drive at a different speed.
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[0042] The traffic lights S1 to S4 are monitored by respective visual statically mounted
sensors as described in FIG. 1. For example, such a visual sensor may be a device which is
assembled with a camera, a small computer on-board, and a mobile communications
transmitter, being able to capture a current traffic light status of a respective traffic light at the
intersection. Each traffic light status is capture by such a visual sensor. The camera(s) may
use different approaches to determine the current traffic light status of one or multiple traffic
signals. The may identify the current light signal state either by image processing or by light
detection. Once the traffic light status has been determined for a respective traffic light, it is
sent to the inbound interface component allowing the monitoring system to feed its prediction

models.

[0043] FIG. 7 illustrates data frame generation for the example scenario for FIG. 6 according
to one embodiment of the invention. The methodology for the frame generation is similar to
the scenario describe in FIG. 5. However, in the example scenario the additional signals of
the vehicle detectors D1 to D4 are part of the status vectors defining the events. In general,
the proposed light signal prediction solution can cope with sequences of signals which are
substantially periodical, and can further take into account signals which have more of an

accidental character like detector signals detecting the presence of a vehicle.

[0044] Similar as in FIG. 5, at the top FIG. 7 a legend defines the visual representation for
light signal status [r], [y], [g] of the traffic lights S1 to S4. In addition, the visual representation
of the detector status [car], [no car] of the detectors D1 to D4 is defined. [car] stands for a
situation, where a vehicle is detected by the respective detector. Otherwise, the detector
status is [no car]. Again, in the example, the traffic lights only switch between three states: [r],
[y] and [g]. The upper portion of the figure shows the switching cycles of the four traffic lights
S1 to S4 over time t. Further, the upper portion includes the traffic status (e.g., detector
status D1 to D4) of each detector. Each change of state is marked with a vertical dotted line.
Thereby, the change of the traffic status of a particular detector is also considered as a
change of state of the traffic control system. In the example (cf. FIG. 6), the traffic status
detected by D3 changes from [no car] to [car] when the vehicle 401 is located within the
detection range of D3. It changes again to [no car] when the vehicle 401 leaves the detection
range of D3. In the example, the signal status of S3 is [r] when the vehicle 401 arrives and
the detector status of D3 changes to [car]. Shortly after the status of traffic light S3 changes
to [g] the vehicle 401 is passing the traffic light S3 and leaves the range of detection of D3. At

his point in time the traffic status detected by D3 switches back to [no car].

[0045] The inbound interface may add further information like the traffic light program ID or
the traffic light elapsed program time of the observed traffic light (if available via a TMS) to

the received light signal status data for further prediction accuracy improvements. The TMS
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switches the traffic light program according to the traffic situation and/or time of day. When
switching from one traffic light program to another the traffic light program ID changes. The
machine learning algorithm detects the change and can select a corresponding prediction

model for the changed program ID.

[0046] Similar to FIG. 5, the second portion of FIG. 7 shows the status vectors associated
with each switching event including the detector events. Each status vector represents the
current state of the traffic control system including pairs of light signal status and traffic status
for each traffic light and its associated detector (S1, D1, S2, D2, S3, D3, S4, D4). Again, in
the example the states [r], [y], [g] of each traffic light are represented by the (non-normalized)
numbers 0, 2, 1, respectively. The states [car], [no car] of each detector are represented by
the numbers 1, 0, respectively. The initial status vectoris (1,0, 1,0, 0, 0, 0, 0). Then D3
detects the vehicle 401 and the status vectors changes to (1, 0, 1, 0, 0, 1, 0, 0). The following

status change events can be retrieved from the figure.

[0047] Again, the machine learning algorithm requires equidistant events as input. Therefore,
the inbound interface may, similar as in FIG. 5, perform an auto-completion step for the
incoming data stream where the detector data streams are included as well. The result of this
step is shown in the third (equidistant events) portion of the figure. The inbound interface
determines a time interval tc1 which is used as the base interval for generating artificial
events. The time interval tc1 should be at least as small as the smallest time interval between
two real events in the event portion. The inbound component generates artificial events every
time interval t¢1 by replicating the current status vector as long as the overall status of the
observed traffic control system does not change. As a result, a series of equidistant events

with corresponding status vectors is generated.

[0048] Finally, consecutive data frames are defined as input data for the machine learning
algorithm. The start event of a frame is the equidistant event which follows the start event of
the previous frame. In the example the first three frames frame 1a, 2a and 3a are shown
wherein the second frame is separated from the first frame by time interval tc1. Thereby, each
data frame includes the same number of equidistant status vectors. In this example, the
frame lengths are chosen as six t:1. Although in this case the frame length is below the
length of one switching cycle of the observed traffic control system it may still ensure an
acceptable level of prediction accuracy because additional the traffic status data of the

detectors D1 to D4 provide additional accuracy relevant data.

[0049] FIG. 8 illustrates components of the monitoring system 100 which may be used to
implement a machine learning algorithm and to perform light signal prediction according to

one embodiment of the invention. The training and prediction of light signal states can be
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done while the monitoring system is in operation (online) so that the prediction algorithm can
adapt itself automatically to light signal program changes. The analytics component can be
configured to compute light signal status predictions for different future points in time which
are a multiple of the equidistant event time interval (e.g., tc). For example, the a prediction
may be computed for a future prediction period - t. , a future prediction period - 2t;, and so
on. There is no need to compute all possible prediction periods. For example, if only a
prediction is required for the status of the traffic control system in exactly 30 seconds, then
only one prediction period may be computed which relates to prediction period —(30/| t¢ |) tc,

where | t; | is the length of t. in seconds.

[0050] The inbound component receives a continuous flow of frames (Frame 4, Frame 5, ...)
over time which can be generated as described in the context of FIGs. 5 or 7. Further, the
inbound interface (or the analytics component) may be configured to duplicate the received
sensor data stream and to delay one of the two sensor data streams versus the other. One
data stream can be used for online prediction, the other for training. In this embodiment, the
training data stream is delayed by a time interval tiwre Which is a multiple of te. tuture
corresponds to the time point for which the monitoring system is able to predict the future
light signal status of the traffic control system. The current status of the traffic control system
in the non-delayed data stream appears to be in the future from the perspective of the
delayed data stream. Thereby the system can learn from the past and project the learnings
into the future. In other words, from the perspective of the delayed data stream the analytics
component is aware of all apparently future events up to tawre. Therefore, for the training
data stream, the time when a light signal switches its color can be calculated
deterministically. The trainings sample and its corresponding online prediction can be used to
give feedback to the machine learning algorithm. The algorithm may use this feedback to
increase prediction accuracy and may automatically adapt to programming changes in the
traffic control system. This allows to also including dynamic changes which are caused by

traffic status sensor data as shown in FIG. 7.

[0051] For example, a buffer 140 can be used as a delay element. In the example
embodiment, the delayed data stream is used for training purposes of the machine learning
algorithm. The training vector (TV) buffer 140 can be implemented as a FIFO (first in first out)
memory structure component to buffer the respective training vectors in the order as they are
received. In the example, the currently received frame is Frame 4. The earlier received
frames which were already stored in the buffer 140 are Frames 2 and 3. Frame 4 is buffered

after the previously received Frame 3.

[0052] In other words, the TV buffer 140 can store the number of frames which is required to

allow the lowest number frame in the buffer (i.e., the frame which was received as the
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earliest frame of the buffered frames) to look at the current frame as a frame which occurs in
the future at the intended prediction period. In the example, for the prediction period - {,
buffer 140 only needs to store the current frame (Frame 4) and the previously received frame
(Frame 3). For the prediction period - 2t; buffer 140 needs to store the frames from Frame 4
to Frame 2, and so on. As a result, the training portion of the analytics component can
improve later predictions by using the data stream of data frames which is delayed by tsture,
so that the frame which is perceived by the training portion to be the current training frame is
actually reflecting a status of the traffic control system in the past and can look at traffic light
states from - t¢ to - trwre te. The monitoring system is thus enabled to determine the “future”

states of the traffic light at times: - tc, - 2t., ..., ~(tuture-1) tc, - truture tc.

[0053] The training set generator 150 can then associate the earlier received buffered
frames with the light signal values of the future frame. In the example, Frame 3 is associated
with a training signal vector TSV which includes the current light signal values of the traffic
control system available in the current Frame 4. Earlier received Frame 2 was associated
with its future training signal vector (TSV) of Frame 3, and so on. For the prediction period -
2t. the training set generator 150 would associate the earlier received Frame 2 with the TSV
of current Frame 4, and so on. That is, the training set generator in combination with the
training vector buffer can associate any buffered earlier received frame with the TSV of the
corresponding actual frame wherein the time interval between the earlier received frame and
the current frame corresponds to the time interval for which a prediction value can be

computed.

[0054] The described training approach allows online and offline learning. The advantage of
online learning (during operation of the traffic control system) is that changes to the traffic
light program are automatically learned while it is running and do not need any manual
human intervention. Further, there is no need for explicit information about the traffic light
program itself because the information is implicitly available in the switching cycles of the

traffic control system.

[0055] An online learning scenario can separate training and prediction, because training of
a support vector machine is a computational expensive task, whereas the prediction
calculated by a support vector machine is computational inexpensive. Online training is
advantageous to keep prediction accuracy high over the long term because the real world
traffic flow is changing over time caused by, for example, changes in the road network,
behavior changes of drivers and changes in traffic light programs. Therefore, in the example,
the training support vector machine (SVM) 160 trains a decision boundary which serves as
input to the prediction support vector machine 170 so that the prediction support vector

machine 170 uses the trained decision boundary to predict future signal states. In other
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words, SVM 160 trains, for each new training set, a new decision boundary so that changes
in the traffic flow are represented in the boundary after some time which is then injected into
the prediction support vector machine 170 so that its predictions consider the changes in the

traffic flow.

[0056] For each time [- tc, - 2t, ..., ~(tutre-1) tc, - truture tc] @ SVM is trained for each traffic light
signal of the traffic control system. Each SVM is trained by using data frames and their
corresponding future signal states as shown in FIG. 8. After training, a list of trwre Support

vector machines is calculated for each traffic signal.

[0057] Itis possible to train the twwre Support vector machines for a single traffic light signal
with probability estimates so that confidence scores are calculated for each support vector
machine. Examples of such training approaches are discloses by Chang, Chih-Chung, and
Chih-Jen Lin in "LIBSVM: A library for support vector machines", ACM Transactions on
Intelligent Systems and Technology (TIST) 2.3 (2011): 27. This allows more fine grained
prediction because confidence levels for all tuwre States are known and can be used within

SPaT messages to provide accuracy information for predictions.

[0058] The support vector machine might use a radial basis function, or any other kernel

function (e.g., linear, polynomial, Gaussian basis function).

[0059] The decision boundary is applied by the prediction support vector machine 170 to the
current frame 4 providing the respective prediction result for the light signals of the traffic
control system for the respective prediction period. In the example, the computation of the
light signal prediction for Frame 4 for the prediction period - t. is shown in detail. The

prediction for further prediction periods - 2t., ... is computed accordingly.

[0060] The frames which are processed by the training module of the analytics component
are also consumed by the prediction sub-module. However, for prediction the non-delayed
data stream is used to produce prediction frames. Each prediction frame is generated on a
trained support vector machines to predict the signal state at times [- t., - 2L, ..., -(tfuture-1) tc,
t e tc]. If probability estimates are also trained, a confidence level for each prediction is
calculated. The prediction and the confidence level (if available) is forwarded to the outbound
status provisioning component where the data is published to external systems or devices

(e.g., vehicle control systems).

[0061] The monitoring system can be configured to compute predictions for a range of
prediction periods. The various results can finally be merged by a signal prediction merging

component 180 into a single data structure 190 including all signal predictions for Frame 4
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for the whole range of prediction periods. The messages M1 to M3 in FIG. 1 may include

such merged signal predictions.
[0062] Example scenario Green Light Optimal Speed Advisory (GLOSA):

[0063] Vehicles circulating in urban areas are typically subject to frequent stops and changes
of speed due to varying traffic conditions and traffic lights regulating the vehicle movement
across the city. As a result, a vehicle consumes more energy and has an increased wear in

different subsystems such as breaks.

[0064] It is well known that many sudden speed variations can be avoided if the vehicle (or
its driver) knows beforehand whether an upcoming traffic light signal could be reached or not,

and at what speed the vehicle should circulate in order to minimize the number of stops.

[0065] In the GLOSA scenario, the current status of a traffic light is broadcasted to vehicles
being within a predefined distance and approaching the traffic light (e.g., at an intersection).
In addition, information about the intersection topology itself and the expected light phase
schedule of each traffic signal (predicted light signal status) at the intersection is broadcasted
to the vehicles. The information in the corresponding sent messages may be sent in SPaT
and/or MAP message format. For example, SPaT messages are specified in the US
standard J2735 version 201509 from 2009-11-19.

[0066] The vehicles approaching the intersection can receive this information and correlate it
with the expected route in order to determine the optimal approximation speed. An optimal
approximation speed allows a vehicle to improve the energy efficiency and significantly

reduce the number of unnecessary stops.

[0067] In the GLOSA scenario the outbound status provisioning component can forward the

status prediction results to a vehicle systems coordinator system.

[0068] The vehicle systems coordinator system then determines which vehicles shall receive
the predicted status information according to their location and heading and forwards the
relevant traffic light phase prediction information to the identified vehicles. The vehicles
receive the information and adjust their powertrain systems accordingly. If a particular vehicle
is able to reach the traffic light of the intersection under green light within allowed speed
limits and traffic conditions then the vehicle adjusts its speed to reach green light. If the
vehicle is unlikely to reach the green light, the vehicle systems may notify the driver and can
prepare to slow down the vehicle speed to avoid crossing under red light. Further, this avoids

sudden and dangerous breaking maneuvers.
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[0069] FIG. 9 is a diagram that shows an example of a generic computer device 900 and a
generic mobile computer device 950, which may be used with the techniques described here.
Computing device 900 is intended to represent various forms of digital computers, such as
laptops, desktops, workstations, personal digital assistants, servers, blade servers,
mainframes, and other appropriate computers. Generic computer device may 900
correspond to the computer system 100 of FIG. 1. Computing device 950 is intended to
represent various forms of mobile devices, such as personal digital assistants, cellular
telephones, smart phones, driving assistance systems or board computers of vehicles (e.g.,
vehicles401, 402, 403, cf. FIG. 1) and other similar computing devices. For example,
computing device 950 may include the data storage components and/or processing
components of agent devices as shown in FIG. 1. The components shown here, their
connections and relationships, and their functions, are meant to be exemplary only, and are
not meant to limit implementations of the inventions described and/or claimed in this

document.

[0070] Computing device 900 includes a processor 902, memory 904, a storage device 906,
a high-speed interface 908 connecting to memory 904 and high-speed expansion ports 910,
and a low speed interface 912 connecting to low speed bus 914 and storage device 906.
Each of the components 902, 904, 906, 908, 910, and 912, are interconnected using various
busses, and may be mounted on a common motherboard or in other manners as
appropriate. The processor 902 can process instructions for execution within the computing
device 900, including instructions stored in the memory 904 or on the storage device 906 to
display graphical information for a GUI on an external input/output device, such as display
916 coupled to high speed interface 908. In other implementations, multiple processors
and/or multiple buses may be used, as appropriate, along with multiple memories and types
of memory. Also, multiple computing devices 900 may be connected, with each device
providing portions of the necessary operations (e.g., as a server bank, a group of blade

servers, or a multi-processor system).

[0071] The memory 904 stores information within the computing device 900. In one
implementation, the memory 904 is a volatile memory unit or units. In another
implementation, the memory 904 is a non-volatile memory unit or units. The memory 904

may also be another form of computer-readable medium, such as a magnetic or optical disk.

[0072] The storage device 906 is capable of providing mass storage for the computing
device 900. In one implementation, the storage device 906 may be or contain a computer-
readable medium, such as a floppy disk device, a hard disk device, an optical disk device, or
a tape device, a flash memory or other similar solid state memory device, or an array of

devices, including devices in a storage area network or other configurations. A computer
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program product can be tangibly embodied in an information carrier. The computer program
product may also contain instructions that, when executed, perform one or more methods,
such as those described above. The information carrier is a computer- or machine-readable

medium, such as the memory 904, the storage device 906, or memory on processor 902.

[0073] The high speed controller 908 manages bandwidth-intensive operations for the
computing device 900, while the low speed controller 912 manages lower bandwidth-
intensive operations. Such allocation of functions is exemplary only. In one implementation,
the high-speed controller 908 is coupled to memory 904, display 916 (e.g., through a
graphics processor or accelerator), and to high-speed expansion ports 910, which may
accept various expansion cards (not shown). In the implementation, low-speed controller
912 is coupled to storage device 906 and low-speed expansion port 914. The low-speed
expansion port, which may include various communication ports (e.g., USB, Bluetooth,
Ethernet, wireless Ethernet) may be coupled to one or more input/output devices, such as a
keyboard, a pointing device, a scanner, or a networking device such as a switch or router,

e.g., through a network adapter.

[0074] The computing device 900 may be implemented in a number of different forms, as
shown in the figure. For example, it may be implemented as a standard server 920, or
multiple times in a group of such servers. It may also be implemented as part of a rack
server system 924. In addition, it may be implemented in a personal computer such as a
laptop computer 922. Alternatively, components from computing device 900 may be
combined with other components in a mobile device (not shown), such as device 950. Each
of such devices may contain one or more of computing device 900, 950, and an entire
system may be made up of multiple computing devices 900, 950 communicating with each

other.

[0075] Computing device 950 includes a processor 952, memory 964, an input/output device
such as a display 954, a communication interface 966, and a transceiver 968, among other
components. The device 950 may also be provided with a storage device, such as a
microdrive or other device, to provide additional storage. Each of the components 950, 952,
964, 954, 966, and 968, are interconnected using various buses, and several of the
components may be mounted on a common motherboard or in other manners as

appropriate.

[0076] The processor 952 can execute instructions within the computing device 950,
including instructions stored in the memory 964. The processor may be implemented as a
chipset of chips that include separate and multiple analog and digital processors. The

processor may provide, for example, for coordination of the other components of the device
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950, such as control of user interfaces, applications run by device 950, and wireless

communication by device 950.

[0077] Processor 952 may communicate with a user through control interface 958 and
display interface 956 coupled to a display 954. The display 954 may be, for example, a TFT
LCD (Thin-Film-Transistor Liquid Crystal Display) or an OLED (Organic Light Emitting Diode)
display, or other appropriate display technology. The display interface 956 may comprise
appropriate circuitry for driving the display 954 to present graphical and other information to a
user. The control interface 958 may receive commands from a user and convert them for
submission to the processor 952. In addition, an external interface 962 may be provide in
communication with processor 952, so as to enable near area communication of device 950
with other devices. External interface 962 may provide, for example, for wired
communication in some implementations, or for wireless communication in other

implementations, and multiple interfaces may also be used.

[0078] The memory 964 stores information within the computing device 950. The memory
964 can be implemented as one or more of a computer-readable medium or media, a volatile
memory unit or units, or a non-volatile memory unit or units. Expansion memory 984 may
also be provided and connected to device 950 through expansion interface 982, which may
include, for example, a SIMM (Single In Line Memory Module) card interface. Such
expansion memory 984 may provide extra storage space for device 950, or may also store
applications or other information for device 950. Specifically, expansion memory 984 may
include instructions to carry out or supplement the processes described above, and may
include secure information also. Thus, for example, expansion memory 984 may act as a
security module for device 950, and may be programmed with instructions that permit secure
use of device 950. In addition, secure applications may be provided via the SIMM cards,
along with additional information, such as placing the identifying information on the SIMM

card in a non-hackable manner.

[0079] The memory may include, for example, flash memory and/or NVRAM memory, as
discussed below. In one implementation, a computer program product is tangibly embodied
in an information carrier. The computer program product contains instructions that, when
executed, perform one or more methods, such as those described above. The information
carrier is a computer- or machine-readable medium, such as the memory 964, expansion
memory 984, or memory on processor 952 that may be received, for example, over

transceiver 968 or external interface 962.

[0080] Device 950 may communicate wirelessly through communication interface 966, which

may include digital signal processing circuitry where necessary. Communication interface
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966 may provide for communications under various modes or protocols, such as GSM voice
calls, SMS, EMS, or MMS messaging, CDMA, TDMA, PDC, WCDMA, CDMA2000, or GPRS,
among others. Such communication may occur, for example, through radio-frequency
transceiver 968. In addition, short-range communication may occur, such as using a
Bluetooth, WiFi, or other such transceiver (not shown). In addition, GPS (Global Positioning
System) receiver module 980 may provide additional navigation- and location-related
wireless data to device 950, which may be used as appropriate by applications running on
device 950.

[0081] Device 950 may also communicate audibly using audio codec 960, which may
receive spoken information from a user and convert it to usable digital information. Audio
codec 960 may likewise generate audible sound for a user, such as through a speaker, e.g.,
in a handset of device 950. Such sound may include sound from voice telephone calls, may
include recorded sound (e.g., voice messages, music files, etc.) and may also include sound

generated by applications operating on device 950.

[0082] The computing device 950 may be implemented in a number of different forms, as
shown in the figure. For example, it may be implemented as a cellular telephone 980. It may
also be implemented as part of a smart phone 982, personal digital assistant, or other similar

mobile device.

[0083] Various implementations of the systems and techniques described here can be
realized in digital electronic circuitry, integrated circuitry, specially designed ASICs
(application specific integrated circuits), computer hardware, firmware, software, and/or
combinations thereof. These various implementations can include implementation in one or
more computer programs that are executable and/or interpretable on a programmable
system including at least one programmable processor, which may be special or general
purpose, coupled to receive data and instructions from, and to transmit data and instructions

to, a storage system, at least one input device, and at least one output device.

[0084] These computer programs (also known as programs, software, software applications
or code) include machine instructions for a programmable processor, and can be
implemented in a high-level procedural and/or object-oriented programming language, and/or
in assembly/machine language. As used herein, the terms “machine-readable medium” and
“computer-readable medium” refer to any computer program product, apparatus and/or
device (e.g., magnetic discs, optical disks, memory, Programmable Logic Devices (PLDs))
used to provide machine instructions and/or data to a programmable processor, including a

machine-readable medium that receives machine instructions as a machine-readable signal.
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The term “machine-readable signal” refers to any signal used to provide machine instructions

and/or data to a programmable processor.

[0085] To provide for interaction with a user, the systems and techniques described here can
be implemented on a computer having a display device (e.g., a CRT (cathode ray tube) or
LCD (liquid crystal display) monitor) for displaying information to the user and a keyboard
and a pointing device (e.g., a mouse or a trackball) by which the user can provide input to the
computer. Other kinds of devices can be used to provide for interaction with a user as well;
for example, feedback provided to the user can be any form of sensory feedback (e.g., visual
feedback, auditory feedback, or tactile feedback); and input from the user can be received in

any form, including acoustic, speech, or tactile input.

[0086] The systems and techniques described here can be implemented in a computing
device that includes a back end component (e.g., as a data server), or that includes a
middleware component (e.g., an application server), or that includes a front end component
(e.g., a client computer having a graphical user interface or a Web browser through which a
user can interact with an implementation of the systems and techniques described here), or
any combination of such back end, middleware, or front end components. The components
of the system can be interconnected by any form or medium of digital data communication
(e.g., a communication network). Examples of communication networks include a local area

network (“LAN”), a wide area network (“WAN?”), and the Internet.

[0087] The computing device can include clients and servers. A client and server are
generally remote from each other and typically interact through a communication network.
The relationship of client and server arises by virtue of computer programs running on the

respective computers and having a client-server relationship to each other.

[0088] A number of embodiments have been described. Nevertheless, it will be understood
that various modifications may be made without departing from the spirit and scope of the

invention.

[0089] In addition, the logic flows depicted in the figures do not require the particular order
shown, or sequential order, to achieve desirable results. In addition, other steps may be
provided, or steps may be eliminated, from the described flows, and other components may
be added to, or removed from, the described systems. Accordingly, other embodiments are

within the scope of the following claims.
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Claims

1. A monitoring system for a traffic control system, the traffic control system including

a plurality of traffic lights, the monitoring system comprising:

an inbound interface component configured to receive a stream of sensor data
from a plurality of visual sensors, each visual sensor being configured to capture light
signals of the plurality of traffic lights, each traffic light being sensed by at least one of
the visual sensors, and the received stream of sensor data being representative of a

current signal status of each of the plurality of traffic lights;

an analytics component configured to predict at least one future signal status
for at least one of the plurality of traffic lights based on use of a machine learning
algorithm applied to data for a current signal status associated with the at least one of
the plurality of traffic lights and data for a previously received signal status associated
with the at least one of the plurality of traffic lights, the at least one future signal status
including an expected point in time when the current signal status will switch to the at

least one future signal status; and

an outbound status provisioning component configured to send at least one
message to a vehicle, the at least one message including the current signal status
and the at least one future signal status of the predicted at least one of the plurality of
traffic lights, the sent at least one message configured to influence operation of the

vehicle.

2. The monitoring system of claim 1, wherein the plurality of visual sensors includes at
least one digital camera with a field of view including at least one of the plurality of

traffic lights.

3. The monitoring system of claim 1, wherein the plurality of visual sensors includes at
least one photocell mounted on a respective traffic light included in the plurality of
traffic lights, the at least one photocell configured to measure light emitted by the

respective traffic light.
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4. The monitoring system of claim 1, wherein the visual sensor is associated with a

lane specific traffic light.
5. The monitoring system of claim 1, wherein the at least one message sent to the
vehicle includes data relevant for at least one of a SPaT or a MAP application

executed by the vehicle.

6. The monitoring system of claim 1, wherein the inbound interface component is

further configured to:

duplicate the stream of sensor data, and

delay the stream of sensor data or the duplicate stream of sensor data; and

wherein the analytics component is further configured to:

use the delayed stream of sensor data as a training stream for the

machine learning algorithm, and

use the non-delayed stream of sensor data for prediction of signal status

changes.
7. The monitoring system of claim 1,

wherein the inbound interface component is further configured to generate,
from the received stream of sensor data, another stream of sensor data including
signal status data at equidistant time intervals, and

wherein multiple consecutive time intervals included in the signal status data
form a data frame, the data frame being suitable as input data for the machine

learning algorithm.

8. The monitoring system of claim 1,
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wherein the inbound interface component is further configured to receive
another stream of sensor data from a plurality of other sensors, each of the other
sensors being associated with a respective traffic light and including a traffic status for
the associated respective traffic light, and the traffic status being an indicator for
current traffic affected by the associated respective traffic light; and

wherein the analytics component is further configured to:

receive the traffic status for the associated respective traffic light, and

use the received traffic status in the machine learning algorithm for the

prediction of the future signal status for the associated respective traffic light.

9. The monitoring system of claim 1,

wherein the inbound interface component is further configured to receive, from
a traffic management system, traffic light program data for at least one of the plurality
of traffic lights, the traffic light program data including information about at least one
program controlling light signal switching of the respective at least one of the plurality

of traffic lights, and

wherein the analytics component is further configured to use the received traffic
light program data in the machine learning algorithm for the prediction of the future

signal status of the respective at least one of the plurality of traffic lights.

10. A computer-implemented method for monitoring a traffic control system, the traffic

control system including a plurality of traffic lights, the method comprising:

receiving a stream of sensor data from a plurality of visual sensors, each visual
sensor being configured to capture light signals of the plurality of traffic lights, each
traffic light being sensed by at least one of the visual sensors, and the received
stream of sensor data being representative of a current signal status of each of the

plurality of traffic lights;
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predicting at least one future signal status for at least one of the plurality of
traffic lights based on use of a machine learning algorithm applied to data for a current
signal status associated with the at least one of the plurality of traffic lights and data
for a previously received signal status associated with the at least one of the plurality
of traffic lights, the at least one future signal status including an expected point in time

when the current signal status will switch to the at least one future signal status; and

sending at least one message to a vehicle, the at least one message including
the current signal status and the predicted at least one future signal status of the at
least one of the plurality of traffic lights, the sent at least one message configured to

influence operation of the vehicle.

11. The method of claim 10, wherein the received stream of sensor data originates
from at least one digital camera with a field of view including at least one of the traffic
lights.

12. The method of claim 10, wherein the received stream of sensor data originates
from at least one photocell mounted on a respective traffic light included in the
plurality of traffic lights, the at least one photocell configured to measure the light

emitted by the respective traffic light.

13. The method of claim 10, wherein the at least one message includes lane specific

status data configured to influence the operation of the vehicle in a respective lane.

14. The method of claim 10,

wherein receiving a stream of sensor data from a plurality of visual sensors

further includes:

duplicating the stream of sensor data; and

delaying the stream of sensor data or the duplicate stream of sensor

data; and
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wherein predicting at least one future signal status for at least one of the

plurality of traffic lights further includes:

using the delayed stream of sensor data as a training stream for the

machine learning algorithm, and

using the non-delayed stream of sensor data for prediction of signal

status changes.

15. The method of claim 10,

wherein receiving a stream of sensor data from a plurality of visual sensors
further includes receiving another stream of sensor data from a plurality of other
sensors, each of the other sensors being associated with a respective traffic light and
including data for a traffic status for the associated respective traffic light, and data for
the traffic status being an indicator for current traffic affected by the associated
respective traffic light; and

wherein predicting at least one future signal status for at least one of the
plurality of traffic lights further includes using the data for the traffic status in the
machine learning algorithm for the prediction of the future signal status for the
associated respective traffic light.

16. A non-transitory computer program product having computer-readable instructions
that when loaded into a memory of a monitoring system for a traffic control system
and executed by at least one processor of the monitoring system performs the steps

of:

receiving a stream of sensor data from a plurality of visual sensors, each visual
sensor being configured to capture light signals of a plurality of traffic lights, each
traffic light being sensed by at least one of the visual sensors, and the received
stream of sensor data being representative of a current signal status of each of the

plurality of traffic lights;
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predicting at least one future signal status for at least one of the plurality of
traffic lights based on use of a machine learning algorithm applied to data for a current
signal status associated with the at least one of the plurality of traffic lights and data
for a previously received signal status associated with the at least one of the plurality
of traffic lights, the at least one future signal status including an expected point in time

when the current signal status will switch to the at least one future signal status; and

sending at least one message to a vehicle, the at least one message including
the current signal status and the predicted at least one future signal status of the at
least one of the plurality of traffic lights, the sent at least one message configured to

influence operation of the vehicle.

17. The non-transitory computer program product of claim 16, wherein the received
stream of sensor data originates from at least one digital camera with a field of view
including at least one of the traffic lights.

18. The non-transitory computer program product of claim 16, wherein the received
stream of sensor data originates from at least one photocell mounted on a respective
traffic light included in the plurality of traffic lights, the at least one photocell configured

to measure the light emitted by the respective traffic light.

19. The non-transitory computer program product of claim 16, comprising further

instructions to perform the steps of:

duplicating the stream of sensor data; and

delaying the stream of sensor data or the duplicate stream of sensor data; and

wherein predicting at least one future signal status for at least one of the
plurality of traffic lights further includes:

using the delayed stream of sensor data as a training stream for the

machine learning algorithm, and
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using the non-delayed stream of sensor data for prediction of signal

status changes.

20. The non-transitory computer program product of claim 16,

wherein receiving a stream of sensor data from a plurality of visual sensors
further includes receiving another stream of sensor data from a plurality of other
sensors, each of the other sensors being associated with a respective traffic light and
including data for a traffic status for the associated respective traffic light, and the data
for the traffic status being an indicator for current traffic affected by the associated

respective traffic light; and

wherein predicting at least one future signal status for at least one of the
plurality of traffic lights further includes using the data for the traffic status in the
machine learning algorithm for the prediction of the future signal status for the

associated respective traffic light.
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