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DRIVER BEHAVIOR MONITORING

CROSS-REFERENCE TO RELATED APPLICATION

[0001] The present application claims the benefit of U.S. Provisional Patent Application No.
62/277,470, filed on the 11" of January, 2016, and titled, “DRIVER BEHAVIOR
MONITORING?, the disclosure of which is expressly incorporated by reference in its

entirety.

BACKGROUND

Field

[0002] Certain aspects of the present disclosure generally relate to internet-of-things (I0T)
devices and applications, and more particularly, to devices, systems and methods for
transmitting a descriptor of an event, as may be used, for example, in monitoring a behavior
of drivers, in unsupervised learning of action values, and in monitoring an environment of a

vehicle.

Background

[0003] Vehicles, such as automobiles, trucks, tractors, motorcycles, bicycles, airplanes,
drones, ships, boats, submarines, and others, are typically operated and controlled by human
drivers. Through training and with experience, a human driver may learn how to drive a
vehicle safely and efficiently in a range of conditions or contexts. For example, as an
automobile driver gains experience, he may become adept at driving in challenging

conditions such as rain, snow, or darkness.

[0004] Drivers may sometimes drive unsafely or inefficiently. Unsafe driving behavior may
endanger the driver and other drivers and may risk damaging the vehicle. Unsafe driving
behaviors may also lead to fines. For example, highway patrol officers may issue a citation
for speeding. Unsafe driving behavior may also lead to accidents, which may cause physical

harm, and which may, in turn, lead to an increase in insurance rates for operating a vehicle.
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Inefficient driving, which may include hard accelerations, may increase the costs associated

with operating a vehicle.

[0005] Driving behavior may be monitored. Driver monitoring may be done in real-time as
the driver operates a vehicle, or may be done at a later time based on recorded data. Driver
monitoring at a later time may be useful, for example, when investigating the cause of an

accident. Driver monitoring in real-time may be useful to guard against unsafe driving, for

example, by ensuring that a car cannot exceed a certain pre-determined speed.

[0006] While current driver monitoring devices may process inertial sensor data,
speedometer data, GPS data, and the like, the use of visual data (such as camera data) in
driver monitoring systems has been frustrated by technical problems or challenges related to
transmitting and/or viewing large amounts of video. Vehicle monitoring devices present
other technical hurdles in addition to challenges associated with video transmission and
storage. As such, many of the potential benefits of vision-based monitoring have not yet
been realized. Accordingly, certain aspects of the present disclosure are directed to enabling
the use of visual data in IOT devices, by providing, for example, systems and methods for
transmitting a descriptor of an event. Furthermore, certain aspects of the present disclosure

may be directed to monitoring driving behavior.

SUMMARY

[0007] Certain aspects of the present disclosure generally relate to providing, implementing,
and using a method of transmitting a descriptor of an event. Enabled with certain aspects of
the present disclosure, monitoring systems may log data relating to a visual scene. In some
embodiments, an enabled system may classify a driver behavior, such as by characterizing
the behavior as “good” or “bad”. In accordance with certain aspects of the present disclosure,
monitoring and/or characterization of driver behaviors may be automated. Furthermore,
certain aspects of the present disclosure may enable a context-sensitive classification of
driver behavior. The present disclosure also provides systems and methods for unsupervised
learning of action values, monitoring of a driver’s environment, and transmitting visual data

and/or descriptors of visual data from a client to a server.

[0008] Certain aspects of the present disclosure provide a method of transmitting a descriptor

of an event. The method generally includes receiving visual data from a first camera at a first
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device; detecting the event based at least in part on the visual data and a first inference
engine; determining the descriptor of the event; and transmitting a first data comprising the

descriptor from the first device to a second device.

[0009] Certain aspects of the present disclosure provide an apparatus configured to transmit a
descriptor of an event. The apparatus generally includes a first memory unit; a second
memory unit; a first at least one processor coupled to the first memory unit; and a second at
least one processor coupled to the first memory unit; in which the first at least one processor
is configured to: receive visual data from a first camera; detect the event based at least in part
on the visual data and a first inference engine; determine the descriptor of the event; and
transmit a first data comprising the descriptor from the first device to the second memory

unit.

[0010] Certain aspects of the present disclosure provide an apparatus configured to transmit a
descriptor of an event. The apparatus generally includes means for receiving visual data from
a first camera at a first device;, means for detecting the event based at least in part on the
visual data and a first inference engine; means for determining the descriptor of the event;
and means for transmitting a first data comprising the descriptor from the first deviceto a

second device

[0011] Certain aspects of the present disclosure provide a non-transitory computer-readable
medium having program code recorded thereon for transmitting a descriptor of an event. The
program code is executed by a processor and generally comprises program code to: receive
visual data from a first camera; detect an event based at least in part on the visual data and a
first inference engine; determine the descriptor of the event; and transmit a first data

comprising the descriptor to a second device.

[0012] Certain aspects of the present disclosure provide a method of monitoring a driver
behavior. The method generally includes receiving visual data from a camera at a first
device; wherein the camera is affixed to a first vehicle; and wherein the first device is
connected to the camera; determining a classification of a driving behavior based at least in
part on the visual data and an inference engine; and transmitting the classification to a second

device.

[0013] Certain aspects of the present disclosure provide an apparatus configured to monitor a
driver behavior. The apparatus generally includes a first memory unit; a second memory

unit; a first at least one processor coupled to the first memory unit; and a second at least one

~
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processor coupled to the first memory unit; in which the first at least one processor is
configured to: receive visual data from a camera at a first device; wherein the camera is
affixed to a first vehicle; and wherein the first device is connected to the camera; determine
a classification of a driving behavior based at least in part on the visual data and an inference

engine; and transmit the classification to a second device.

[0014] Certain aspects of the present disclosure provide an apparatus for monitoring a driver
behavior. The apparatus generally includes means for receiving visual data from a camera at
a first device; wherein the camera is affixed to a first vehicle; and wherein the first device is
connected to the camera; means for determining a classification of a driving behavior based
at least in part on the visual data and an inference engine; and means for transmitting the

classification to a second device.

[0015] Certain aspects of the present disclosure provide a non-transitory computer-readable
medium having program code recorded thereon for monitoring a driver behavior. The
program code is executed by a processor and generally comprises program code to: receive
visual data from a camera at a first device; wherein the camera is affixed to a first vehicle;
and wherein the first device is connected to the camera; determine a classification of a
driving behavior based at least in part on the visual data and an inference engine; and transmit

the classification to a second device.

BRIEF DESCRIPTION OF DRAWINGS

[0016] FIGURE 1 illustrates an example of a device for transmitting a descriptor of an event

in accordance with certain aspects of the present disclosure.

[0017] FIGURE 2 illustrates an example of a driver monitoring system in accordance with

certain aspects of the present disclosure.

[0018] FIGURE 3 illustrates the use of global positioning information to determine a driving

behavior.
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DETAILED DESCRIPTION

[0019] The detailed description set forth below, in connection with the appended drawings, is
intended as a description of various configurations and is not intended to represent the only
configurations in which the concepts described herein may be practiced. The detailed
description includes specific details for the purpose of providing a thorough understanding of
the various concepts. However, it will be apparent to those skilled in the art that these
concepts may be practiced without these specific details. In some instances, well-known
structures and components are shown in block diagram form in order to avoid obscuring such

concepts.

[0020] Based on the teachings, one skilled in the art should appreciate that the scope of the
disclosure is intended to cover any aspect of the disclosure, whether implemented
independently of or combined with any other aspect of the disclosure. For example, an
apparatus may be implemented or a method may be practiced using any number of the
aspects set forth. In addition, the scope of the disclosure is intended to cover such an
apparatus or method practiced using other structure, functionality, or structure and
functionality in addition to or other than the various aspects of the disclosure set forth. It
should be understood that any aspect of the disclosure disclosed may be embodied by one or

more elements of a claim.

[0021] The word “exemplary” is used herein to mean “serving as an example, instance, or
illustration.” Any aspect described herein as “exemplary” is not necessarily to be construed

as preferred or advantageous over other aspects.

[0022] Although particular aspects are described herein, many variations and permutations of
these aspects fall within the scope of the disclosure. Although some benefits and advantages
of the preferred aspects are mentioned, the scope of the disclosure is not intended to be
limited to particular benefits, uses or objectives. Rather, aspects of the disclosure are
intended to be broadly applicable to different technologies, system configurations, networks
and protocols, some of which are illustrated by way of example in the figures and in the
following description of the preferred aspects. The detailed description and drawings are
merely illustrative of the disclosure rather than limiting, the scope of the disclosure being

defined by the appended claims and equivalents thereof.
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Driver monitoring systems

[0023] Driver monitoring systems and devices may have multiple applications. Insurance
companies may desire aggregated driver behavior data to influence premiums. Insurance
companies may also seek to reward ‘good’ behavior and dis-incentivize ‘bad’ behavior as a
way of reducing the number of loss events across a population of drivers. Fleet owners,
likewise, might desire a system capable of classifying driver behaviors as a part of a program
to incentivize their drivers to drive safely and efficiently. Likewise, taxi aggregators may
desire a driver monitoring systems as part of a program to incentivize taxi driver behavior.
Furthermore, taxi or ride-sharing aggregator customers may desire access to past
characterizations of driver behavior so that they may filter and select drivers based on driver
behavior criteria. For example, to ensure safety, drivers of children or other vulnerable
populations might be screened based on driving behavior exhibited in the past. Parents may
desire to monitor the driving patterns of their kids and may further utilize methods of

monitoring and characterizing driver behavior to incentivize safe driving behavior.

[0024] In addition to human drivers, machine controllers are increasingly being used to drive
vehicles. Self-driving cars, for example, may include a machine controller (which may be
referred to as a computerized driving controller) that interprets sensory inputs and issues
control signals to the car so that the car may be driven without a human driver or with
minimal human intervention. As with human drivers, machine controllers may also exhibit
unsafe or inefficient driving behaviors. Information relating to the driving behavior of a self-
driving car may be of interest to engineers attempting to improve a self-driving car’s
controller, to law-makers considering policies relating to self-driving cars, and to other

interested parties.

[0025] Currently available driver monitoring systems may be based on sensor data available
in at an ODB-II port, which may not include vision data. For example, a driver monitoring
system may rely on inertial and/or odometer data to monitor a driver. Such a driver
monitoring system may be used to maintain a desired driving behavior and/or limit an
undesired behavior, but may do so in a way that does not depend on the context of the driving
behavior. In one example, a new driver may be limited to driving below a certain speed
based on odometer measurements. Limiting the speed of a car for a new driver, however,

may have unintended negative consequences. For example, if the driver is blocking an
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ambulance on a narrow road, the driver may be unable to overcome the speed settings and

may block the ambulance.

[0026] Some driver monitoring systems may detect driving events based on non-visual
sensors, but may further include a vision sensor to capture visual data around the time of a
detected event. In one example, a driver monitoring system may process inertial sensor data
to detect undesired driving behaviors. An inertial event may be an event with a detectable
signature on a trace of accelerometer or gyrometer data, such a transient spike in an
accelerometer trace corresponding to a sudden stop by a vehicle. As commercial-grade
inertial sensors may be noisy, however, such a system may falsely detect irrelevant inertial
events (which may be referred to as “false alarms”) that have a similar accelerometer trace
but that may not correspond to a driving event of interest. For example, running over a
pothole or a speed-bump may have an accelerometer reading that is similar to that of a small

collision.

[0027] To mitigate against false alarms, an inertial sensor-based system may record a video
clip upon detecting an inertial event, and then the video clip may be reviewed by a human
operator at a later time. Due to the involvement of the human operator, such as system may
be expensive and cumbersome. In addition, while the video clip may be useful to correct

false alarms, an inertial-triggered driver monitoring system may fail to notice a driving event

system with a camera may fail to detect a driver running through a red light if the driver

neither accelerated or decelerated through the red light.

[0028] While a designer of an IOT device may desire continuous video recording and storage
to provide greater coverage, practical considerations may frustrate the utility of such a
system. For example, continuously recorded video may be burdensome to store, expensive
and time-consuming to transmit over cellular or other wireless networks, and/or impractical

to review by human operators.

Vision-based event detection

[0029] Certain aspects of the present disclosure may enable the use of visual data in IOT
systems and devices, such as driver behavior monitoring systems. Visual data may improve
existing ways or enable new ways of monitoring and characterizing driver behavior. In some

embodiments, visual data captured at a camera affixed to a vehicle may be used as the basis
7

SUBSTITUTE SHEET (RULE 26)



WO 2017/123665 PCT/US2017/013062

for detecting a driving event. For example, a driver monitoring system enabled in accordance
with certain aspects of the present disclosure may detect that a driver has run a red light, even

if the event could not be reliably detected from inertial sensor data and/or GPS data.

[0030] Several means for determining an event from visual data are contemplated. To
determine that a driver has run a red light, for example, a first device may be configured to
analyze visual data to detect an object. An object detection may refer to producing bounding
boxes and object identifiers that correspond to one or more relevant objects in a scene. In a
driver monitoring system, for example, it may be desirable to produce bounding boxes
surrounding all or most of the visible cars, as well as visible traffic lights, traffic signs, and
the like. Continuing with the example of running a red light, a first device may be configured
to detect (locate and identify) a traffic light in visual data across multiple frames, including
frames in which only a portion of a tratfic light may be visible in the field of view of a
camera. The event of running a red-light may then be based on a location of the detected

traffic light and its state (such as green or red).

[0031] Several means for detecting an event based on visual data are contemplated. In some
embodiments, bounding boxes for objects may be produced by a neural network that has been
trained to detect and classify objects that are relevant to driving, such as traffic lights, traffic
signs, and vehicles. In some embodiments, vehicles may be assigned to one or more of
multiple classes, such as a car class and a truck class. If an image contains two cars and a
traffic light, for example, a trained neural network may be used to analyze the image and
produce a list of three sets of five numbers. Each set of numbers may correspond to one of
the objects (one set for each of the two cars, and a third set for the traffic light). For each set,
four of the five numbers may indicate the coordinates of the detected object (for example, the
horizontal and vertical coordinates of a top-left corner of a bounding box surrounding the
object, and a height and a width of the bounding box), and one number indicating the class to
which it belonged (for example, the cars may be identified with a *“1” and the traffic light

may be identified with a “37).

[0032] In one example, a neural network may have been trained to detect objects based on a
neural network architecture and/or training framework that has demonstrated a desired
performance on an object detection benchmark, such as the PASCAL VOC 2012 dataset.
PASCAL VOC refers to a Visual Object Classes challenge organized by the Pattern Analysis,

Statistical modelling, and Computational Learning project of the European Union. In 2012,

8

SUBSTITUTE SHEET (RULE 26)



WO 2017/123665 PCT/US2017/013062

the challenge featured a training and validation dataset of 11,530 images containing 27,450
annotated objects from 20 classes. In this dataset, the annotations for objects were provided
by human labelers, and included a bounding box and a class identifier for each object. The
annotations may be considered similar to the exemplary neural network output format
described above, in which a visual scene containing two cars and one traffic light may be

represented with three sets of five numbers.

[0033] An aspect of the PASCAL VOC 2012 challenge invited participants to submit
computer vision solutions (which may have been trained on the provided dataset) that could
detect (locate and classify) objects in a separate test (evaluation) dataset. The performance of
a neural network trained to perform object detection may be assessed in part, for example, by
calculating an overlap between a bounding box output from a neural network (or other
computer vision solution) and a bounding box provided as an annotation by a human labeler
on the same image. Performance assessments could be used to compare ditferent neural
network architectures, for example. In addition, for a learning system such as a neural
network, the assessments could be used as a training signal. Progress in automated methods
of object detection have progressed rapidly in recent years. The availability of benchmarking
datasets, such as the one featured in PASCAL VOC 2012, may have helped to drive progress
in the field. For years after the PASCAL VOC 2012 competition ended, researchers
continued to explore new training methods, neural network architectures, and the like, and
continued to test their work and report performance on the PASCAL VOC 2012 dataset. For
example, a Fast Region-based Convolutional Network (Fast R-CNN) method was introduced
in 2015, which reported improvements on a measure of object detection performance on the

PASCAL VOC 2012.

[0034] Returning to the present example of detecting that a vehicle ran a red light, a neural
network model may be configured and trained to detect objects in a visual scene according to
the Fast R-CNN method described above, or other competing methods that would be known
to persons having ordinary skill in the art. For example, a neural network having an AlexNet
or VGG16 architecture may be pre-trained on to perform object detection, using, for example,
a PASCAL or ImageNet dataset. The network may then be further trained using a custom
dataset relevant to driver monitoring, which may contain images from cameras that were
affixed to cars, and which may contain annotated cars, trucks, traffic lights, traffic signs, and

the like. In addition, or alternatively, the dataset may contain images that do not have human
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annotations, which may be used for unsupervised or semi-supervised training. In some
embodiments, the neural network may be configured to produce bounding boxes and class

identifiers.

[0035] Other output representations are also contemplated. For example, the output of a
neural network may account for a calibration of a camera and may, instead of (or in addition
to) representing a location of an object in coordinates of a visual field, represent the location
of the objects as a distance from the camera (which may further include an angle and an
indication of size). Likewise, objects may be identified as having a distance relative to a
specified point that is not the camera, such as the front bumper of a car. Alternatively, or in
addition, the class identification data may include a probability of the object belonging to one
or more classes, and/or may include a portion of visual data associated with the bounding
box. A portion of visual data associated with a bounding box may be the visual data (such as
pixel values) corresponding to the inside of the bounding box, such as in a cropped image
corresponding to each detected object. In some embodiments, the cropped image may be
down-sampled, and/or may include a surrounding portion of the bounding box. In some
embodiments, the visual data may be included in the output of an inference engine in the case
that the certainty of the object classification is low. Alternatively, or in addition, the output
of a neural network may include a feature vector from a spemﬁed layer of a neural network,

e
or a portion of a feature vector corresponding

[0036] In some embodiments, an event detection may be based on a sequence of object
detections from more than one video frame (image). In some embodiments, the object
detections across multiple frames may be used to modulate the confidence associated with an
object detection in any particular frame. For example, if an object is detected with high
confidence in a first and a third frame, but with a lower confidence in an intervening second
frame, the confidence of the object detection in the second frame may be increased based on
the output of the first and third frames. Likewise, if an object is detected in the second frame,

but not in surrounding first or third frames, the associated confidence might be decreased.

[0037] In addition to detecting driving events that may not be otherwise detectable, visual

information may be used to classify a behavior in a context-sensitive manner. Returning to
the example of running a red-light, typically, running a red light may be considered a ‘bad’
driving behavior. In some contexts, however, such as when a traffic guard is standing at an

intersection and using hand gestures to instruct a driver to move through a red light, driving

10
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through a red light would be considered ‘good’ driving behavior. Additionally, in some
contexts, a ‘bad’ driving behavior, such as tailgating, may not be the fault of the driver. For
example, another driver may have pulled into the driver’s lane at an unsafe distance ahead of
the driver. Visual information may also improve the quality of a characterization that may be
based on other forms of sensor data. Visual data may be used to determine a safe driving
speed based on the observed speed of other drivers, for example, as described below. Several

additional examples are provided in the following sections.

[0038] The costs associated with monitoring and/or characterizing driver behavior using
methods of the present disclosure may be less than the costs of alternative methods that may
use human inspection of visual data, or that may rely on certain types of sensors such as
RADAR or LIDAR.

Apparatus configured for transmitting a descriptor of an event

[0039] In accordance with certain aspects of the present disclosure, visual data from a camera
sensor may be processed at a connected compute device with an inference engine. The
inference engine may be a neural network model running on a graphics processor (GPU),
digital signal processor (DSP), or other hardware accelerator. The neural network, alone or
in combination with data-based heuristics programmed to run on an application processor,
may be used to infer measurements from the visual data. For example, the neural network
may be trained to detect a traffic light, where detecting a traffic light may include identifying

its location in the visual field of the camera as well as its state (red, yellow, or green).

[0040] According to certain aspects, monitoring a driver behavior may include collecting
measurements relating to the movements of a vehicle in relation to lane markings on a road,
in relation other vehicles, and/or in relation to other objects such as traffic officers, traffic

signals, signs, and the like.

[0041] In accordance with certain aspects of the present disclosure, a classification of a
driving behavior may be based on one or more measurements determined at a first device
connected to a vision sensor that is affixed to a vehicle. In some embodiments, multiple
measurements may be produced by a first inference engine running at a specialized hardware

accelerator connected to a camera, as described above. The measurements may then be

11
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transmitted from the first device and received at a second device, where a number of
measurements may be processed by a second inference engine. The second inference engine
may be a neural network that is trained to classify a driving behavior based on measurements
from the first inference engine. As with the first inference engine, the second inference
engine may be a neural network running on a GPU, DSP, and the like, and/or a set of
heuristics programmed to run on an application processor. The second inference engine may
be located on a second device within a vehicle, such as at a centralized processing hub.
Alternatively, or in addition, the second inference engine may be located at a remote location,

such as at a cloud server.

[0042] FIGURE 1 illustrates an embodiment of the aforementioned devices, systems and
methods for transmitting a descriptor of an event. The device 100 may include input sensors
(which may include a forward facing camera 102, a driver facing camera 104, connections to
other cameras that are not physically mounted to the device, inertial sensors 106, car OBD-1I
port sensor data (which may be obtained through a Bluetooth connection 108), and the like)
and compute capability 110. The compute capability may be a CPU or an integrated System-
on-a-chip (SOC), which may include a CPU and other specialized compute cores, such as a
graphics processor (GPU), gesture recognition processor, and the like. In some

embodiments, a driver behavior monitoring system may include wireless communication to

108 to other devices nearby. For example, the cloud may provide real-time analytics
assistance. In an embodiment involving cloud services, the cloud may facilitate aggregation
and processing of data for offline analytics. The device may also include a global positioning
system (GPS) either as a separate module 112, or integrated within a System-on-a-chip 110.

The device may further include memory storage 114.

[0043] A driver monitoring system, in accordance with certain aspects of the present
disclosure, may assess the driver’s behavior in real-time. For example, an in-car monitoring
system, such as the device 100 illustrated in FIGURE 1 that may be mounted to a car, may
perform analysis in support of a driver behavior assessment in real-time. In some
embodiments, real-time analysis may refer to a configuration in which visual data is
processed at a rate that meets or exceeds the rate that it is captured. Alternatively, real-time
analysis may refer to a configuration in which at least a sampling of the visual data is

processed on a device connected to the corresponding camera soon after it is recorded. In
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these examples, the driver monitoring system, in comparison with a system that does not
include real-time processing, may avoid storing large amounts of sensor data since it may
instead store a processed and reduced set of the data. Similarly, or in addition, because the
system may transmit a reduced set of data {for example, descriptors of objects that are
detected in the visual data), rather than the visual data itself, the system may incur fewer costs

associated with wirelessly transmitting data to a remote server.

[0044] A system enabled in accordance with certain aspects of the present disclosure may
also encounter fewer wireless coverage issues. For example, a device mounted to a truck
may have a memory capacity to store three hours of high-definition video captured by inward
and outward facing cameras. If the truck is driven across a portion of the country that lacks
reliable cellular network coverage, it may be unable to transmit a video for more than three
hours, or transmission of a video may be slower than the rate of collection in such an area. In
these cases, the memory may be used to store video until wireless coverage improves. Still,
some video may be lost once the memory capacity is exhausted. In accordance with certain
aspects of the present disclosure, a driver monitoring system may be configured to upload
descriptors about the contents of the video data instead of the video data. Such a system may
still be configured to upload video data that is determined to be salient for some purpose. In
this example, the memory capacity corresponding to three hours of high-definition video data
may instead be used to store multiple days of descriptor data alone with a reduced set of
salient video data. Such a system may be less likely to be affected by wireless coverage
issues because the memory storage may be sufficient to store data until the truck is again in a
location with satisfactory cellular coverage, or until the truck encounters a Wi-Fi access

point.

[0045] A driver monitoring system, in accordance with certain aspects of the present
disclosure, may assess a driver’s behavior in multiple contexts. In addition, a driver behavior
may be scored using more than one metric. FIGURE 2 illustrates a system of driver
monitoring in accordance with certain aspects of the present disclosure. The system may
include sensors 210, profiles 230, sensory recognition and monitoring modules 240,
assessment modules 260, and may produce an overall grade 280. Contemplated driver
assessment modules include speed assessment 262, safe following distance 264, obeying
traffic signs and lights 266, safe lane changes and lane position 268, hard accelerations

including turns 270, responding to traffic officers, responding to road conditions 272, and
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responding to emergency vehicles. Each of these exemplary features is described in detail
below. The present disclosure is not so limiting, however. Many other features of driving
behavior may be monitored, assessed, and characterized in accordance with the present

disclosure.

Speed Assessment

[0046] Certain aspects of the aforementioned driver monitoring system may be directed to
assessing whether the driver is maintaining a safe speed 262, which may be based on traffic
conditions, weather conditions, visibility, and the like. For example, a driver monitoring
system, in accordance with aspects of the present disclosure, may read speed limit signs 244
using visual input 212 from a camera. The system may determine the car’s speed 246 using
one or more outputs of sensors 210 or sensor monitoring modules 240, including GPS 222,
car speedometer 220 (using either an OBD-II type interface 226 or a visual camera reading of
the dash), and/or visual speed assessment based on detected and computed relative motion of
outside objects 256 (such as stationary sign posts). A driver assessment module 260 may then
assess whether the driver is maintaining (or has maintained if the module is run at a later
time) a safe speed 262 by computing a function of the two speeds, namely the posted speed

litit 244 and tha cvierant ancad A
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[0047] In one embodiment, an assessment of driver speed 262 may be reduced to a grade, or
score. The grading may include determining (a) if the driver is over the speed limit, (b) if the
driver is over the speed limit by various amounts, (¢) how much the driver is over the speed
limit, or (d) a function of the difference of the two speeds. Such a function may include

legally defined traffic fine step points.

[0048] A driver monitoring system may also include a determination of the driver’s speed
relative to speeds of other cars on the road 248. In this example, the grade of the driver may
be based on the driver’s speed 246 relative to the speeds of other cars 248, as well as the
posted speed limit (which may be recognized by a traftic lights and signs recognition module
244). The driver may be graded negatively for going too slow or too fast. The driver grade
may be more favorable if the driver is driving over the speed limit at a time when a

determined percentage of other cars are also going approximately the same speed.
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[0049] Furthermore, a driver monitoring system may determine recommended speeds from
signs 244, such as signs placed near curves or in other caution areas. In this example, an
assessment module may adjust the driver’s grade as a function of the driver’s speed and the
recommended speed. For example, the driver grade for safe speed behavior may improve if
the driver’s speed is below the recommended speed in a given caution arca, as well as below

the legal speed limit of the road.

[0050] In an embodiment of the present disclosure, a driver monitoring system may
determine based on visible signage 244 and other scene identifiers that may be recognized
242 that the car is in a safety sensitive area, such as a construction zone, school zone, day-
time headlights required zone, and the like. In this example, an assessment module 262 may
adjust the grade for safe speed behavior based on the recognition of the safety sensitive area.
For example, the driver grade for safe speed behavior may improve if the driver’s speed 246
is substantially below the speed limit in these zones (based on visible signage 244), even if
the flow of traffic 248 is above the speed limit. In addition, the contribution to the grade for
safe speed behavior may be weighted higher for these more sensitive zones and weighted

relatively lower for less safety sensitive areas.

[0051] In another embodiment of the present disclosure, visual 212 or inertial sensors 218
may be used to determine if the vehicle is on an incline, and furthermore, whether it is
traveling uphill or downhill. This determination may be added as an input to an assessment
module for grading driver speed 262. For example, since a vehicle may have more problems
stopping when going down a steep decline, the grading may reflect that traveling above the
speed limit in these situations may have a more detrimental effect on the grade compared to

travelling above the speed limit on a flat highway.

[0052] In another example, a driver monitoring system may be configured to detect and
classify the type of vehicle being driven. Alternatively, the system may estimate the type of
vehicle. In either case, the system may use the information about the type of vehicle 234 to
select the relevant speed limit signs 244 on roads with different speeds for different vehicle
types. For example, a road may have a posted 55 MPH speed limit for trucks and a 65 MPH

speed limit for cars.

[0053] According to certain aspects of the present disclosure, a driver monitoring system

may also use context to infer speed limits. For example, speed limits may be inferred on

-
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roads without marked speed limits or when a driver enters a road and speed limit signs have
not yet been observed. A visual scene identification module 242 may determine that the road
is a residential road and the GPS 222 may further indicate the locality. Based on these, the
legal residential speed limit, such as 25 miles per hour (MPH), may be applied. Similarly, if
the scene detection module 242 observes a school area and children present, the system may
determine based on the output from the scene detection module 242 that the area is a school
zone with the corresponding speed limit. The grading may be applied based on these

estimated or inferred speed limits and the vehicle’s measured speed 246.

[0054] A grading assessment for driver speed 262 may also be weighted based on the method
used to determine the speed limit. For example, the contribution to the grade for safe speed
behavior may be weighted lower when there is low certainty from the scene identification

module 242.

[0055] A grading assessment may also provide more granular feedback to the user by, for
example, breaking out grades associated with different detected scenes (based on the output
from a scene recognition module 242). That may help educate drivers as to whether they are

adjusting their behavior according to different driving situations.

he present disclosure. For example,
driver’s speed 246 over time and then use an observed speed limit sign 244 to apply the speed
limit over the recent past. In this example, the system may use visual 212, inertial 218, GPS
22, map, or other indications to determine the length of time that that the car has been on the

same street and under the same driving conditions so that the observed speed limit would

apply.

Safe Following Distance

[0057] Aspects of the present disclosure are directed to visually measuring the following
distance 264, which is the distance to the vehicle directly in front of the driver’s car. Several
methods of visually measuring the following distance are contemplated. For example, a
mono-camera 102 may be used to identify the type of vehicle being followed, such as a

sedan, van, or semi-truck. In this example, the following distance may be based on feature
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sizes, such as width, or the relative feature sizes of multiple features associated with each
type of vehicle. In another example, a machine learning model, such as a deep neural
network, may be used to determine the distance based on the input pixels corresponding to
the vehicle ahead. While the preceding examples utilize a mono-camera, the present
disclosure is not so limiting. In another example, other sensors, such as RADAR, Ultrasound
(SONAR), or LIDAR, may be used to determine the distance to the vehicle ahead. In

addition, multiple methods may be combined to estimate the distance.

[0058] In an embodiment of the present disclosure, a driver monitoring system may
determine the speed of the driver’s vehicle 246 and the speed of the vehicle ahead 248. The
system may then assess the driver’s safe following behavior 264, and determine a safe
following grade as a function of the distance to the car and the speeds of the vehicles. In
addition, the system may further determine the speed of other traffic 248 and may incorporate

the speed of other tratfic in the assessment of the driver’s safe following behavior 268.

[0059] In another embodiment of the aforementioned driver monitoring system, the
determined following distance may be converted from a unit of distance, such as from feet or
meters, to a unit of time, such as seconds. In this example, the assessment of safe following
behavior 264 may be based on this inferred measure of following time. The driver grade for
safe following behavior may be computed as a function of the following distance in time, and
may also be based on the estimated stopping time based on the current speed of the car 246.
For example, driving with less than 2 seconds following time while travelling 30 MPH, or
driving with less than 5 seconds following time while travelling 65 MPH may result in a

reduction in the driver’s safe following grade.

[0060] In the present example, the method of determining the following distance may involve
a computer vision model in accordance with certain aspects of the present disclosure. For
example, the determination of following distance may involve recognizing the type of vehicle
ahead along with the make and model of the vehicle, determining dimensions of the vehicle
based on the make and model, computing the observed dimensions of the vehicle, and
estimating the distance based on the relationship between the observed and known vehicle

dimensions.
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Obeying traffic signs and lights

[0061] Aspects of the present disclosure are directed to determining the extent to which a
driver obeys traffic lights and signs 266, such as stop signs, yield signs, do not enter signs,
and the like. A driver monitoring system may use visual input 212 from a camera to detect
traffic signs and traffic lights 244. The system may assess the extent to which the driver is
following the traffic signs, or has followed traftic signs in the case that the assessment is
made at a later time. This assessment may include recognizing the intersection markings at a
traffic light 244, and determining whether the driver was in the intersection before the light
turned red. The assessment may also include determining the distance to the intersection
when the light turned yellow and whether the driver appropriately stopped or passed through
the intersection. Further, this may be based on the driver’s speed 246, which in turn may be

based on a reading of the speedometer 220, or accessed via an OBD-11 226.

[0062] In another example of an assessment of obeying traffic signs and lights 264, the visual
212 system (alone or in combination with other sensors 210) may measure how much time
has elapsed between the light turning green and the vehicle starting forward. This
measurement may be used to assess that the driver is being responsive to traffic signals. In
this example, the visual signals 212, RADAR, LIDAR, and/or other systems may detect if
there are cross traffic vehicles that are crossing through the intersection or rapidly
approaching the intersection. If so, the assessment module 266 may positively grade the
driver for waiting at a green light if the waiting could be interpreted as a precaution to ensure
that the cross traffic vehicles will safely stop for their red lights. Likewise, a pedestrian may
be detected based on visual data, and the driver may be graded positively for waiting at a
green light if the waiting could be interpreted as waiting for the pedestrian to finish crossing

the street in front of the driver.

[0063] The driver monitoring system, in addition to monitoring and assessing driver
behavior 260, may additionally monitor the behavior of traffic lights and other signals and the
behavior of other drivers on the road. For example, according to aspects of the present
disclosure, the driver monitoring system may measure traffic light times 244, and determine,
for example, that the yellow light duration does not meet the legal minimum duration. This

may be used for contesting traffic infractions or notifying the government.
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[0064] Aspects of the present disclosure may be directed to monitoring driver behavior in
response to yield signs. Upon encountering a yield sign (or at a later time if the system is not
run in real-time), the driver monitoring system may visually 212 recognize the yield sign 244
and then observe the distances to on-coming vehicles. Based on these measurements, the
system may make an assessment 266 that positively grades the driver for yielding when the
on-coming vehicles are too close. The system may also positively grade the driver for not
yielding when the on-coming separation is beyond a measured margin, since such behavior

indicates alertness and may result in increased fuel efficiency

[0065] Additionally, there may be instances in which observed traffic signs 244 do not
actually apply. For example, a construction stop sign may be left by the road accidentally. In
such cases, a visual sub-system may use scene detection 242, possibly in conjunction with
other methods for determining context to assess whether the observed sign actually applies.
For example, the driver monitoring system may connect to a cloud service via LTE 224 to
use crowd sourcing to determine that most drivers do not obey the observed traffic sign, and
therefore infer that this traffic sign should not be considered in an assessment of driver
behavior, particularly an assessment of the extent to which the driver is obeying traffic signs
266. Likewise, based on the combined outputs of multiple driver monitoring systems, the
cloud service may determine that a particular traffic sign is invalid. The cloud service may

then notify a
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accordance with aspects of the present disclosure.

[0066] Aspects of the present disclosure may be directed to monitoring and assessing driver
behavior at railroad crossings. The driver monitoring system may detect the railroad crossing
(either visually and/or via mapping services), and may then grade the driver based on specific
settings. For example, school buses may have a policy setting of stopping at all rail road
crossings. In this example, the vehicle profile 234 may indicate that the driver being
monitored is driving a bus, and the obey traffic signs and lights assessment module 266 may

incorporate this indication in the assessment of driver behavior.

[0067] The visual system 212 may also be used to help determine the car’s velocity 246 and
either alone or in conjunction with inertial sensors 218 and/or GPS 222 may determine
whether and where the car came to a complete stop. For example, GPS error rates may make

it difficult to assess whether the car stopped before or on the railroad tracks when waiting for

19

SUBSTITUTE SHEET (RULE 26)



WO 2017/123665 PCT/US2017/013062

a traffic light, while a visual road object recognition system 256 may more accurately make

that determination.

[0068] FIGURE 3 illustrates an advantage of using visual information to determine whether a
driver came to a complete stop at an intersection, in accordance certain aspects of the present
disclosure. In this illustration, a first car 302 and a second car 304 arrive at a stop sign 306
and each car comes to a complete stop. The first car 302 stops before the crosswalk 308. The
second car 304 enters the crosswalk 308 before stopping. The intersection is located in an
urban area, with large buildings 310 and 312 on either side. In addition, there is a large truck
314 positioned behind the second car 304. The large buildings and the truck may interfere
with a GPS system by blocking direct line of sight readings from GPS satellites. The first car
has a GPS receiver unit 320 installed near the front right portion of the windshield. The
second car has a GPS receiver unit 324 installed near the rear of the hood of the car. The GPS
unit 320 of the first car computes an uncertainty of its location as determined by the GPS
reading in the car. The uncertainty is circular ring 324 that is centered on a location that is
close to, but not exactly coinciding with the true location of the GPS receiver unit. The GPS
unit 324 of the second car computes an uncertainty of its location as determined by the GPS
reading in the car. The uncertainty is an elliptical ring 326 that is centered on a location that
is close to, but not exactly coinciding with the true location of the GPS receiver unit. Because
the buildings 310 and 312 are on the right and left sides of the car, the GPS unit of the second
car calculates greater uncertainty in the right/left axis compared to the forward/back axis.
Based on the measured uncertainties of the GPS units, it may be more likely that the first car
infers that it did not stop before the crosswalk and that the second car infers that it did stop
before the crosswalk, even though the opposite is true in this illustration. In this instance, a
visual input 102 that could recognize 244 the traffic sign 306 or other road markings, such as
the crosswalk, could give a more accurate estimate of the true position of each car relative to
the crosswalk. In turn, an assessment module that assesses the extent to which a driver obeys
traffic signs 266 could make a more accurate assessment based on visual input 212 rather

than GPS 222 alone.
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Safe lane changes and lane position

[0069] Aspects of the present disclosure may be directed to assessing the quality of lane
changes and lane position 268. For example, a driver monitoring system may use either visual
212, RADAR, LIDAR, or other systems 210 to determine the relative positions of vehicles
around the car. The driver monitoring system may then assess the driver’s aptitude in
maintaining a safe location, such as not driving next to cars in adjacent lanes, but rather
maintaining an offset in position. During lane changes, the driver monitoring system may
assess the driver’s ability based on the relative distances and speeds of the driver’s car 246
and nearby cars 248 when changing lanes. In addition, this assessment may be based on
whether and when the driver signaled lane changes, which may be accessed via the OBD-II

226.

[0070] A driver monitoring system may also observe road markings, such as solid yellow
lines or dashed yellow lines, and note if the driver inappropriately crosses over solid yellow
lines, or solid white lines in the case that the driver crosses into a car pool lane outside of the

designated entry locations.

[0071] A driver monitoring system may also determine the rate of closure of cars in adjacent

lanes and use that rate of closure to modify the driver assessment. For example, if a driver

were going about the same speed as the driver’s car.

[0072] The driver monitoring system may be configured to estimate the fault of an unsafe
driving behavior or context. For example, a driver’s safe following distance behavior may be
scored negatively if the driver is closer than a safe following distance to the vehicle ahead.
However, the system may determine that another driver swerved in front of the driver and
thus caused the unsafe following distance. In this case, a safe following assessment may be
adjusted for the driver since the unsafe driving behavior may have been a fault of the other
driver. A device configured according to certain aspects of the present disclosure may infer a
trajectory of the other driver by detecting the position of the other driver’s vehicle in relation
to the driver. For example, the trajectory may indicate that the other driver had been in an
adjacent lane just a few seconds before the detected tailgating event, and thus infer that the

driver had crossed in front of the driver to cause the event.
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[0073] In one embodiment, the driver monitoring system may track lane markings 250 or
estimate lane separations, determine the car’s position with respect to the lane markings, and
assess the extent to which the driver maintains a safe lane position. For example, a driver may
be graded up (or positively) for maintaining a center location, and may me graded down (or
negatively) for getting too close to lane edges or crossing over lane edges outside of the
context of a lane change. In addition, an accelerometer 218 may be used to detect freeway
rumble ridges, infer crossing into the shoulder, and based on the detected rumble ridges, the
driver’s behavior may be graded down. Still, the visual system 212 may be used to adjust the
grading if it recognizes a construction zone with a scene recognition module 242 or
recognizes construction cones with a road object module 256 directing vehicles into the
shoulder, for example. Other methods, such as crowd sourcing in the cloud across drivers,
which may be accessed via LTE 224, may also be used to determine exceptions. For
example, if many drivers are making the same violation at about the same location, it may be

determined that an exception condition is likely.

No hard turns, hard accelerations hard starts

[0074] In one configuration, a driver monitoring system may assess the driver’s behavior

=

writh ragnan + +~ £
WL ToopouL U

assessment module 260 may include an assessment of acceleration 270, which may be based
on a measurement of the rate of acceleration 252 using one or more of visual 212, GPS 222,
inertial sensors 218, or car speedometer 220. The acceleration assessment module 270, in
accordance with certain aspects of the aforementioned systems and methods of classifying a
driving behavior, may have a threshold on the amount of acceleration and may note a
violation. Alternatively, or in addition, the module may note a series of gradations of
acceleration behavior. The visual system 212 may help measure a more accurate range of
accelerations by visually assessing the rate of change of the road way or other stationary
objects. In one configuration, the visual system 212 may overcome limitations associated
with other sensors. For example, accelerometers 218 may have a maximum measured
acceleration, such that the accelerometer may output a clipped signal in the case that the
maximum is exceeded. Likewise, a GPS 222 measurement uncertainty may give false alarms
and mis-detects. In another configuration, a combination of devices and sensors 210 may be

used to measure acceleration and thereby assess a violation.
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Responding to traffic officers

[0075] In one configuration, the driver monitoring system may assess the driver’s behavior
with respect to responding to traffic officers. A responsiveness assessment module 272 may
use the camera to visually recognize traffic officers and categorize their hand signals 254.
The driver monitoring system may then assess the driver’s performance responding to the
traffic officers. This may also be used to assess the driver’s performance in other assessment
modules by issuing an exception. For example, responding to a traffic officer 272 may be a

higher priority than obeying traffic signs or lights 260.

Road conditions, potholes, objects

[0076] Aspects of the present disclosure may be directed to assessing a driver’s behavior in
response to road conditions 272, including the presence of potholes and objects on the road.
For example, the driver monitoring system may classify the road conditions using visual
sensor 212 information alone or in combination with inertial sensors 218, or potentially from
cloud service provided information via LTE 224. The driver speed assessment 262, following
distance assesment 264, and other assessments 260 may be modified based on the road
conditions. For example, the road conditions may influence the determination of a safe
driving speed 262, which may be used by other assessment modules 260. The safe driving
speed may be based on the posted speed limit 244 and then scaled (either linearly or
multiplicatively) by the road conditions. Alternatively, the driver monitoring system may
determine a maximum safe speed for the recognized road conditions and the safe driving
speed may be determined as the minimum of the determined maximum safe speed for the

recognized road condition and the posted speed limit.

[0077] In one configuration, the driver monitoring system may visually detect and categorize
potholes and objects in the road 256 and may assess the driver’s response to those objects.
For example, a responsiveness assessment module 272 may positively grade the driver for
avoiding a pothole. The monitoring system may also modify the assessment based on the
location of other cars. In this example, the responsiveness assessment module 272 may

positively grade the driver for running over a pothole if the position and velocity of other cars
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would have made avoiding the pothole dangerous. The detection of road objects 256 by the
monitoring system may also modify other assessments, such as the assessment of maintaining
good lane position. Typically, an assessment of the driver’s maintenance of good lane
position would be negatively affected by a swerving maneuver. However, an exception would
be raised based on detecting that the cause of the swerving was to avoid obstacles. In
addition, the driver monitoring system may assess the safety of the avoidance maneuver

based on the distance to other nearby vehicles.

Emergency vehicles

[0078] Aspects of the present disclosure may be directed to assessing a driver’s behavior in
response to emergency vehicles. For example, the driver monitoring system may identify the
presence of emergency vehicles using an inference engine 258 that may detect sirens based
on audio 214 and/or visual 212 input. The driver monitoring system may then assess the
driver’s responsiveness 272, by determining, for example, whether the driver pulled over to

the side of the road.

[0079] In one configuration, the driver’s situational responsiveness could be inferred based
on audio input 214. For example, road noise may be used to determine traffic conditions
and/or the presence of honked horns. Furthermore, multiple microphones with beam-forming

may be used to help localize the direction to the emergency vehicle, car, or train horn.

General grading features

[0080] A driver behavior may be monitored and/or graded repeatedly over time. In an
embodiment in which a driver behavior is monitored, descriptors of a visual scene may be
determined at a device connected to a camera in the vehicle. Most or all of the descriptors
may be transmitted to a second device, even for periods in which the driving behavior cannot
be detected. For example, a system configured to monitor whether the driver comes to a
complete stop at a stop sign may transmit a substantially continuous stream of descriptor data
to the cloud, or to another device such as a centralized analytics hub in the vehicle. The

monitoring system directed to stop sign behavior may therefore take into account the

24

SUBSTITUTE SHEET (RULE 26)



WO 2017/123665 PCT/US2017/013062

frequency with which stop signs are encountered, as well as make other inferences associated
with time periods in which no stop signs are present. A driver’s grade, which may be based
on the aggregated descriptors, may be plotted over time. The driver grades may also be
averaged to determine a score per time period, such as per hour, day, week, month, or year.
The averaging may be an equal weighted arithmetic average, or it may be some other
averaging over time. The grading may include different weightings for the assessments of
different types of driving behavior features 260, for example, an assessment of merging

safely 268 may be weighted higher than an assessment of hard starts 270.

[0081] The methods of grading particular behaviors may be modified based on driving
conditions. For example, the weightings of different driving behavior assessments may vary
based on a recognized context such as a combination of road conditions, traffic 248, and
other recognized features of the environment 242. For example, the weighting over time of
safe speed behavior may be higher for riskier environments, so that the contribution of the
driver’s speed behavior 262 to the overall grade 280 will be higher at these times. Examples
of riskier environments may include construction areas, poor weather conditions (such as
snow), or poor visibility (such as fog). In one configuration, the weather conditions may be
determined based on visual inference 212, from an atmospheric sensor 216, from a cloud
service accessed via LTE 224, or a combination thereof. The driver monitoring system may

also use inertial sensors 218 as an input to an inference engine 240 to assess if the vehicle is
maintaining or losing traction, and may thus infer slippery road conditions and that the safe
driving speed behavior assessment 262 should have a larger impact on the overall grade 280
at these times. While the previous examples describe varying the weights of different driver
behavior assessments, other context-based adjustments are also contemplated. In one
configuration, the weather or environment conditions may vary the target threshold values
within an assessment module 260. For example, the threshold for safe following distance
264, safe speed of travel 262, or safe lane change 268 may be modified in response to

observed weather or traffic conditions 248.

[0082] In one configuration, descriptors of events in visual data and/or classifications of
driving behaviors may be computed or stored for averaging over specified contexts, such as
environments, areas, or times. For example, the driver’s grade 280 may be based on
behaviors that were monitored while the driver was in school zones, as determined by a scene

recognition module 242,
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[0083] Alternatively, or in addition to averaging, the driver monitoring system may
accumulate a number of events and use these events as the basis for determining a grade for
the driver 280. An event may be, for example, a time when the driver’s speed 246 exceeded
S MPH over the posted speed limit 244. The detection of an event may be associated with a
reset time, such that new events of the same type will not be detected again until after the

reset time has elapsed.

[0084] The driver monitoring system may also capture a clip of violation events, or violation
events above a given rating. These clips may be reviewed with the driver at a later time, and

may include video data as well as other types of data.

[0085] According to certain aspects of the present disclosure, data may be transferred to the
cloud from the driver monitoring system, which may be considered a client. In one
embodiment, the amount of data transfer from the client to the cloud may be based on
wireless bandwidth considerations. For example, the client and/or cloud may actively manage
the amount of data transfer to remain under specified bandwidth usage limits. For example,
the client may be configured with a monthly bandwidth allocation. In this example, the client
may measure the utilized bandwidth throughout a month, and may adjust a threshold for a
real-time event communication trigger as a function of the utilized bandwidth and the
monthly bandwidth allocation. For example, the function may include a ratio of the utilized
bandwidth to the monthly bandwidth allocation. In one embodiment, the aforementioned
driver monitoring system may be configured to report speed violations. In this example, if the
ratio of utilized bandwidth to the monthly bandwidth allocation is low, then the threshold for
reporting speed violations may be set to a low value, such as 5 MPH. As the ratio goes
higher, the threshold may be adjusted higher. For example, if the ratio of utilized bandwidth
to the monthly bandwidth allocation goes above 25%, the threshold for reporting speed

violations may be increased to 10 MPH over the speed limit.

[0086] In another example, the resolution of a picture or video clip may be adjusted based on
wireless bandwidth considerations. For example, the amount of data transferred between the
client and the cloud may be adjusted based on the ratio of a remaining bandwidth in a
monthly bandwidth allocation to the size of the monthly bandwidth allocation. In this
example, if the ratio is high, then a high-resolution video clip recorded around the time of an
event may be sent to the could for further processing. If the remaining bandwidth drops, the

video resolution, and hence the video size, may be reduced for the current data transfer and/or
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for future data transfers in the same month. Other means for reducing the bandwidth of data
transfer may be used, such as reducing the frame rate, adjusting the ratio of predicted picture
frames (P-frames) to intra-coded picture frames (I-frames), adjusting an amount of lossy
compression applied, or adjusting a trade-off between sending full image clips and sending

cropped image around objects of interest.

[0087] In one embodiment of the aforementioned driver monitoring system, the client device
may send processed analytics to the cloud. For example, the client may transmit descriptors
of detected objects and/or a driver grade to a device in the cloud, or the client may send a
driver grade or a descriptor of a detected object along with a confidence value. In these
examples, the cloud may make a determination to request additional data, such as video clips
upon which the processed analytics were based. A request for additional data from the client
device may be triggered by a request from a human. For example, a client device may send a
message to the cloud that a certain event has occurred, and the cloud may notify the driver’s
supervisor of the event. In this example, the driver’s supervisor may request a video clip
associated with the event for additional review. The cloud may also be configured to request
specific clips and data if they correspond to milestone markers. For example, the device may
communicate data to the cloud indicating that the driver has reached an extra safe driving
status, and the cloud may request additional data to verify the assessment. Similarly, the
device may be configured to communicate to the cloud when the driver has exhibited a

certain level of unsafe driving, and the cloud may then request additional data.

[0088] In one configuration, the system may assign separate grading scores for different
events. In this configuration, the system may separate the grading of driver behavior into
first, identifying ‘unsafe’ events, and second, determining whether the driver is responsible
for those events. The system may determine responsibility by computing as estimate of
driver fault based on a trained machine-learning model. Referring to Appendix A, a driver
grading system may assign scores using a reinforcement learning approach. The machine
learning may be implemented using a Deep Neural Network, Support Vector Machine
(SVM), or some combination thereof. Inputs to the machine learning system may be feature
vectors over N frames, such as the last N frames prior to the detection of an unsafe event. At
the next time step, the inputs to the machine learning algorithm may be time stepped by M
frames such that if at tO the inputs are feature vectors from frames O .. N, then at t1, the inputs

are from M.. . N+M, and so on. In this example, a feature vector could include a car speed, a
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lane position, the relative position of other cars, and/or the relative position or distance to
pedestrians. The speed and / or other data for the feature vector may be obtained from the

OBD-II port. The feature vector may also include GPS data.

[0089] Driver grading for an event may be represented as a tuple, with the first score
representing the severity of the risk, and the second score representing the level to which the
driver is at fault for the ‘unsate’ event. Over the course of operation, the driver grading may
output an N-tuple / (event) or N-tuple / (a set of events), where different scores represent
performance for different types of driving behavior. As an example, there could be a score for
lane driving, a score for tailgating, a score for obeying traffic signs, etc. In this example,
each of these scores is a field of the N-tuple, and each score may have a second field

indicating an estimate of the driver’s responsibility for each ‘unsafe’ event.

[0090] According to certain aspects of the present disclosure, the amount of data transfer
from the client to the cloud may be based on wireless bandwidth considerations across
multiple driver monitoring system clients. For example, the cloud may aggregate a total
bandwidth for a month, and may allocate more or less bandwidth to specific client devices
based on various metrics. In this example, metrics may include a degree of agreement of
client scores with cloud scores, a driver status, or a measure of the overall remaining
bandwidth. In this example, the cloud server may choose to reallocate bandwidth from

drivers with fewer events to drivers with more events.

[0091] According to certain aspects of the present disclosure, the amount of data transfer
from the client to the cloud may be adjusted differently in response to bandwidth
considerations based on the type of event being communicated. For example, the thresholds
at which different types of events are communicated to the cloud may be adjusted differently.
In one example, the adjustment of the amount of data transfer may be done in such as way
that some event types stop reporting for the remainder of a month. For example, if the
bandwidth usage ratio reaches 80%, speed limit violations may stop being reported, although
hard stop events may continue to be reported. There may also be some events that continue to
be reported even after the monthly limit is exceeded; for example, if a collision is detected
the video clip around the collision may be sent even though the data transfer would exceed

the allocated limit and may incur additional transmission costs.
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[0092] In addition, events that are not transmitted in real-time or near real-time may be
cached and transmitted later over a different link, such as Wi-Fi, or at a different time, such
as the beginning of the next month. If events are cached for transmission at a later time, the
cached event transmissions may be limited to a certain usage of the next month’s bandwidth
allocation. For example, the first 10% of cached events may be transmitted at the start of a
new month. Alternatively, the set of cached events may be graded and ranked, and the most
severe events may be transmitted. Similarly, this approach may be used for managing the
memory usage of cached event clips and data if memory storage on the device 114 nears full

capacity.

[0093] Many of the features described above may be determined based on visual indications
of stationary objects, such as traffic signs 244. Visual indications of stationary objects may
also be crowd sourced via the cloud, in accordance with aspects of the present disclosure. For
example, cars may send their GPS coordinates to the cloud via wireless connectivity such as
LTE 110 at points where they detect a change in the road characterization 242, such as a
change of speed limit or start of a construction zone. The cloud may keep track of different
road segments, and may provide this information to other driver monitoring systems. In
addition, the driver monitoring system may periodically report the car’s position to the cloud
service, and the service may send back its estimate of the road features that the car should
expect to observe This may increase robustness of road feature detection. For example, it
may decrease the uncertainty associated with detecting and/or recognizing traftic signs that
are obscured by other vehicles. It may also increase robustness of the sensory recognition
systems in night-time versus day-time lighting. The crowd sourced system may also reduce

classification errors overall.

[0094] Crowd-sourcing may also be applied to real-time (dynamic) features, such as weather,
visibility, and traffic conditions. In this example, the driving monitoring system may adjust

its grading in real-time in response to the crowd-sourced recognition of road conditions.

|0095] In one configuration, GPS could be used to correlate car locations to sensor data
recordings from an automobile. Alternatively, or in addition, car locations could be inferred
by matching visual features in the camera data stream. In this example, matching may include
identifying distinctive intersections or roadways such as iconic landmarks, or recognizing

signage including mile markers and highway markings. Still other methods of determining
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car location are contemplated. For example, short-term dead reckoning may be based on the

output of inertial sensors 218.

Computational Efficiencies

[0096] In accordance with certain aspects of the present disclosure, the processing 110 of
camera inputs (for example a forward facing camera 102 or a driver facing camera 104) of an
exemplary driver monitoring device may be computationally burdensome. Several methods
to improve the efficiency of camera input processing are contemplated. In one configuration,
a focal zone may be defined based on the measured speed of the vehicle 246. For example, a
focal zone may be an area of interest of the visual scene in which objects that may interact
with the vehicle in the near term are likely to be found based on the speed of the vehicle. A
focal zone may also refer to a range of scales in multi-resolution processing. For example, if
the vehicle is traveling at slow speeds, the focal zone may be configured to search for
pedestrians that would be closer than 150 feet. This may be used to reduce the pedestrian
search space and therefore improve camera input processing times. The search space may be
reduced either spatially (to only look in the lower areas of the camera input), or the search
space may be reduced in scale (to only search for pedestrians larger than a determined size).
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the present disclosure is not so limited. The search space selection may be based on a
number of factors including the vehicle speed 246, the vehicle environment 256, the search

objects, and others.

[0097] While the previous example is directed to limiting a visual search to just searching
one zone, other means for increasing computational efficiency are contemplated. In one
configuration, there could be several focal zones, for example a near focal zone, medium
distance focal zone, and a far focal zone. In another configuration there may be a focal zone
in front of the vehicle, a focal zone near the vehicle but to the side, and or a focal zone farther
from the vehicle. In addition, different focal zones could be associated with different
priorities, and the different focal zones may be processed with different levels of
computational complexity. For example, higher priority focal zones may be searched at a
higher frequency compared with lower priority zones. Alternatively, or in addition, higher

priority focal zones may have more complex and accurate search models than lower priority
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zones. Alternatively, or in addition, higher priority zones may be searched at a finer window
step size than lower priority zones. According to aspects of the present disclosure, the lower
priority zones may be the portions of the image and image resolutions that are not identified

as high priority focal zones.

[0098] In one configuration, the image may be to divided into large sections, such as 8
sections, and an inference engine may be run on each of the 8 sections to determine if an
object, such as a car or person, is present in each of the 8 sections. The subset of sections in
which the object was detected may be further subdivided and the inference engine run on the
subdivided sections. This process may be iterated to further subdivide the image so that a
detection algorithm (such as selective search or multi-window multi-scale, etc) that may be of

higher computational complexity, may be run over the subsections that tested positive.

[0099] In the previous example, the image may be divided into overlapping subsections. In
one configuration, the initial inference engine used on the first 8 sections may be a
convolutional neural network. The convolutional operations may be run over the entire
image to compute the presence of the object in each of the 8 sections at the top of the iterative
processing chain to further save computational resources by reusing computations associated
with the overlapping portions of the 8 sections. Likewise, the convolutional operations may

be run on each of the identified subsections.

Combined learned grading system

[0100] The aforementioned driver monitoring systems may include a general assessment
system 260 that may be based on a set of modules 240. A combination of modules may
determine the car and environment status using a mixture of cameras 212, inertial sensors
214, GPS 222, cloud data 224, profile data 230, which may include vehicle 234 and driver
profiles 232, and other inputs 210. These inputs may then be the basis of a plurality of

inferences 240 and grades 260 based on engineered rules.

[0101] Alternatively, or in addition, the grading system 260 that is based on the car and
environment status determining systems may be a machine learned model that was trained to
match expert human labeled grading scores to environment values. The machine learned

model may be applied to obtain a subset of grading values 260 or a combined value 280. In
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comparison to engineered rules, the machine learned grading system may evaluate grading
features for complex scenarios that may not have been considered by the engineers that

designed the behavior assessment rules.

[0102] In one configuration, the visual system 212 and grading systems 260 and 280 may be
trained end-to-end. Rather than training the visual system for cars 248, pedestrians, lanes 250,
distances, and so forth, and then a system on top to match grading scores 260, the system may
be trained end-to-end such that grading scores 260 are computed directly from sensory data
210. Still, the training procedure may start with training certain subsystems 240
independently, and then performing full end-to-end training on a combination of subsystems
240 and sensory inputs 210, such as by back propagation. This training procedure may result
in the detection of more fine tuned visual features which may be the basis for more accurate

driver assessment scores 260.

[0103] In some embodiments of certain aspects of the present disclosure, a driving behavior
may be classified directly based at least in part on visual data from the camera. This
configuration contrasts with some exemplary embodiments described above that may first
detect an event and determine a descriptor of the event at a first device, then transmit the
descriptor to a second device where it may be used to classify a driving behavior. Instead, in
some embodiments, the step of determining a descriptor may be skipped. For example, a
camera may be affixed to a vehicle, and a device may be attached to the camera through a
shared memory, a wired connection, a wireless connection such as Bluetooth, and the like. A
first device may receive visual data from the camera and may then directly classify a driving
behavior based on the visual data and an inference engine. The inference engine in this
example may be neural network that was trained in an end-to-end fashion, as described
below. The inference engine may compute a classification directly from visual sensor data,
and may further include as an input other sensor data. For example, an end-to-end inference
engine may take raw inertial sensor data as an input, may take calibrated inertial sensor data
as an input, or may take processed sensor data, such as location estimates from a GPS
module. Accordingly, the system or device may determine the classification of the driving
behavior at the same device that received visual data from the camera. The classification data
may then be transmitted to a second device, where it may then be used for a variety of

applications, including driver monitoring.
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[0104] In comparison to a system that may split the classification of a driving behavior across
more than one inference engine, and system having an end-to-end inference engine may be

considered to have some advantages and some disadvantages.

[0105] A split system may achieve a desired classification performance based on less training
data in comparison an end-to-end system. For example, a split system may be include
separate modules, each of which may detect events relating on one aspect of driving
behavior. For example, one module may detect other cars or trucks on the road, while a
second module may detect traffic lights. In some embodiments, these two modules may
share some common processing steps, such as a common trunk of a deep learning network.
Each of these modules may be trained with a number of examples covering a variety of
relevant objects that might be encountered. For example, a car and truck detecting inference
engine may be trained on labeled car and truck data. In contrast, an end-to-end system may
be considered to achieve a desired classification performance after it may reliably classify
driving behavior as safe or unsafe. Relevant training data (such as sensor data corresponding
to unsafe driving scenarios) may be less frequently encountered in comparison to, for
example, visual data containing other cars or trucks. For this reason, an end-to-end inference

engine may be more challenging to train.

[0106] In comparison to a split system, an end-to-end system may transmit less data. This
may be desirable, for example, if there are many systems in accordance with the present
disclosure deployed by an operator, such as a fleet manager. The additional data trom a split
system, however, may have additional utility. For example, while it may be used for
monitoring driver behaviors, the descriptors of objects transmitted from a deployed split-
system may more readily be used for additional purposes. For example, the additional data
may be used to compute typical patterns of observations and may thereby identify an

occurrence a rare event for which a classifier has not yet been trained.

[0107] Considering the trade-offs between split and end-to-end inference engines, it may be
desirable to employ a split inference engine when relevant training data is scarce, and then
gradually adopt a more end-to-end inference engine as the availability of training data

increases.
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Unsupervised and reinforcement learning

[0108] In addition to, or instead of, matching human labeled driver assessment scores,
unsupervised and reinforcement learning may be used to lessen or avoid laborious human
labeling. These approaches may help create a driver monitoring system that is robust in cases
in which human labeled assessments may be in conflict with each other. Examples of such
cases include swerving to avoid obstacles in the road, passing a construction stop sign that is

not supposed to be active, or following a traffic officer’s directions over road signage.

[0109] In one configuration, hand coded rules could be used to determine initial training
values for initializing a system. The system may then be further trained and updated using

reinforcement learning.

[0110] In one configuration, a crowd sourced reinforcement learning approach may be used.
In this example, the driver monitoring system may crowd source issued traffic infractions
across drivers, and use those to label unsafe or inappropriate driving actions. The visual
system may also identify police cars. A reinforcement learning rule may use training
examples in which drivers were near police cars. The learning rule may be based on
rewarding the driver behaviors for which the drivers did not receive an infraction, and
penalizing the driver behaviors for which the drivers did receive an infraction. Similarly, if a
driver gets in an accident, the sensor data preceding the accident may be used as an inputto a

reinforcement learning rule to adjust the grading system inference engine.

[0111] In one configuration, the infractions, traffic accidents, and the like may be used as a
supervisory signal and crowd sourced to train an inference engine that outputs an estimate of
the the probability of a traffic accident or infraction based on the input sensor data. An
updated model may be pushed out periodically to the driver monitor systems to improve the
quality of the systems. In this example, the updated model may be used to update or replace
an inference engine on the device. Configured with an updated inference engine, an enabled
device may exhibit improve driver behavior monitoring. For example, it may subsequently

upload a higher ratio of relevant to irrelevant video clips to a cloud server.

[0112] According to certain aspects of the present disclosure, the driver monitor system may
also utilize a prediction engine to forecast different paths that the driver could take or could
have taken in a given situation, and compute the infraction and/or accident probabilities along
those paths, and then score the driver based on the path taken compared with the other paths.
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The score may be compared with the best path, the top percentile best path, the average path,

or other measures.

|0113] In one configuration, the driver assessment score may be the Q-score for a Q-learned
reinforcement learning model. For example, if the expected score is based on negative points
for infractions and accidents, then the driver monitoring system may note if the expected

future score goes below a given threshold indicating a higher expected negative event.

[0114] In one configuration, the driver monitoring system may assume that the typical driver
behavior in a given situation is a good behavior. For example, an inference system trained to
classify environments could be run on the inputs to get a feature vector, and the feature
vectors could be clustered, such as by k-means clustering. This clustering of feature vectors
associated with environments may give an unsupervised categorization of the different crowd
sourced environments. For example, the set of data for a given cluster may be considered the
features of an environment based on an unsupervised categorization. Based on the
categorization of the environment, the next frames of sensor data, which may include video
frames corresponding to the car’s position in 5 seconds, could be crowd sourced and
clustered. These clusters may be considered action clusters, as they reflect the driver’s actions
in a given environment. Assuming that the typical driver behavior is a good behavior, the
action clusters could be categorized based on the number of elements in each cluster, which
would reflect the likelihood that a driver in a particular environment took a certain action.

The action clusters with more elements or weight / mass may be deemed safer actions.

[0115] According to certain aspects of the present disclosure, crowd sourced driver statistics
may be used to determine safe and typical behaviors. In one embodiment, driver behavior
may be assessed based on these determined safe and typical behaviors. For example, the
driver behavior distributions may be determined for different maneuvers and events.
Statistical analysis or machine learning methods may be used based on the determined driver
behavior distributions to determine driver grades. For example, the lane position for a driver
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similar contexts, such as United States freeways. The distribution of the lane positions may
then be formed with the mean and standard deviation computed, and the driver grade may be
a function of the standard deviation and mean or median, such as the number of standard
deviations away from the mean. A value closer to the mean may be graded higher while a

value farther from the mean would be graded lower. Furthermore, the grade may be scaled by
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the standard deviation of the distribution of lane positions across drivers in a similar context.
Similarly, the distribution of lane changes or freeway merge temporal paths may be computed
across drivers. Then the grade may be based on a deviation from typical paths. Alternatively,
the paths across drivers may have grades assigned based on how close they come to another
vehicle. In these examples, the driver’s path may be compared against a dictionary of paths
aggregated across multiple drivers and a grade may be assigned based on the typical outcome

of drivers with similar paths.

[0116] As in the above examples, crowd-sourced data may include descriptors of events or
objects detected by a number of devices. For example, a device configured according to
certain aspects of the present disclosure may transmit data relating to a car’s lane position to a
second device. The second device may be a cloud server. The cloud server may also interact
with other similarly configured devices from other cars and may thereby receive data
regarding lane positions, for example, from a sample of cars on the road. Based on the
received data, the second device may create an inference engine. For example, it may train a
neural network to detect abnormal lane positions, where a cluster of received lane position

data may be used to determine what a normal lane position could be.

[0117] Certain aspects of the present disclosure may be directed to systems, devices, and
methods of learning action values using Q-learning. Continuing with the above example, an
inference engine determined at a second device may learn that some abnormal lane positions
are actually characteristic of safe or responsive driving. In this example, the second device
may have trained a reinforcement learning model that may output a safe or unsafe action
based on visual data, and an inferred action of the driver may be compared to the output of
the model. Alternatively, or in addition, the reinforcement learning model may output a
description of a visual scene corresponding to a safe action being taken in response to a first
description of the visual scene. In some embodiments, the reinforcement learning model may
be based on a sequence of previously detected objects that were detected in visual data by a
deployed device. A reinforcement learning model may be trained and/or updated based on a
human operator agreeing or disagreeing with an output of the model. Likewise, an update
may be based on an agreement between the output of the reinforcement learning model and

corresponding outputs of an ensemble of similarly trained reinforcement learning models.

[0118] As used herein, the term “determining” encompasses a wide variety of actions. For

example, “determining” may include calculating, computing, processing, deriving,
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investigating, looking up (e.g., looking up in a table, a database or another data structure),
ascertaining and the like. Additionally, “determining” may include receiving (e.g., receiving
information), accessing (e.g., accessing data in a memory) and the like. Furthermore,

“determining” may include resolving, selecting, choosing, establishing and the like.

[0119] As used herein, a phrase referring to “at least one of” a list of items refers to any
combination of those items, including single members. As an example, “at least one of: a, b,

or ¢” is intended to cover: a, b, ¢, a-b, a-c, b-c, and a-b-c.

[0120] The methods disclosed herein comprise one or more steps or actions for achieving the
described method. The method steps and/or actions may be interchanged with one another
without departing from the scope of the claims. In other words, unless a specific order of
steps or actions is specified, the order and/or use of specific steps and/or actions may be

modified without departing from the scope of the claims.

[0121] The processing system may be configured as a general-purpose processing system
with one or more microprocessors providing the processor functionality and external memory
providing at least a portion of the machine-readable media, all linked together with other
supporting circuitry through an external bus architecture. Alternatively, the processing
system may comprise one or more specialized processors for implementing the neural

networks, for example, as well as for other processing systems described herein.

[0122] Thus, certain aspects may comprise a computer program product for performing the
operations presented herein. For example, such a computer program product may comprise a
computer-readable medium having instructions stored (and/or encoded) thereon, the
instructions being executable by one or more processors to perform the operations described

herein. For certain aspects, the computer program product may include packaging material.

[0123] Further, it should be appreciated that modules and/or other appropriate means for
performing the methods and techniques described herein can be downloaded and/or otherwise
obtained by a user terminal and/or base station as applicabie. For exampie, such a device can
be coupled to a server to facilitate the transfer of means for performing the methods described
herein. Alternatively, various methods described herein can be provided via storage means
(e.g., RAM, ROM, a physical storage medium such as a compact disc (CD) or floppy disk,
etc.), such that a user terminal and/or base station can obtain the various methods upon
coupling or providing the storage means to the device. Moreover, any other suitable

37

RECTIFIED (RULE 91) - ISA/US



WO 2017/123665 PCT/US2017/013062

technique for providing the methods and techniques described herein to a device can be

utilized.

|0124] It is to be understood that the claims are not limited to the precise configuration and
components illustrated above. Various modifications, changes and variations may be made in

the arrangement, operation and details of the methods and apparatus described above without

departing from the scope of the claims.
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CLAIMS

WHAT IS CLAIMED IS:

1. A method for transmitting a descriptor of an event, comprising;
receiving visual data from a first camera at a first device;

detecting the event based at least in part on the visual data and a first inference

engine;
determining the descriptor of the event; and

transmitting a first data comprising the descriptor from the first device to a second

device.

2. The method of claim 1, further comprising:
receiving a second visual data from a second camera at the first device;

wherein a second portion of a second field of view of the second camera does not
overlap with a first portion of a first field of view of the first camera; and wherein the

determining the descriptor of the event is based at least in part on the second visual data.

3. The method of claim 1, further comprising:

receiving a plurality of data at the second device, wherein the plurality of data

comprises the first data from the first device and a second data from a third device; and

determining a second inference engine based at least in part on the plurality of data.

4. The method of claim 1, wherein the first camera is affixed to a first vehicle, and the first
device is connected to the first camera.
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5. The method of claim 2, wherein the first camera is affixed to a first vehicle, and the first

device is connected to the first camera;

wherein the second camera is affixed to the first vehicle, and the first device is

connected to the second camera; and

wherein the first portion of the first field of view of the first camera includes a view of
a portion of the exterior of the vehicle, and the second portion of the second field of view of

the second camera includes a portion of the interior of the vehicle.

6. The method of claim 1, wherein detecting the event comprises detecting a portion of an

object in a first image of the visual data.

7. The method of claim 4, further comprising:

determining a classification of a driving behavior based at least in part on a portion of

8. The method of claim 7, wherein detecting the event comprises detecting a portion of an

object in a first image of the visual data.

9. The method of claim 8, wherein the object is a traffic light; and

wherein the determining a classification comprises determining if the vehicle ran a red

light.

10. The method of claim 8, wherein the object is a traffic light, and further comprising;
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determining a safety of crossing an intersection; wherein the determining a
classification is based at least in part on the determined safety, and comprises determining if

the vehicle waited at a green light.

11. The method of claim 10, wherein the safety of crossing an intersection is based at least in

part on detecting a vehicle, a pedestrian, or some combination thereof, in the visual data.

12. The method of claim 8, wherein the object is a traffic sign; wherein the determining a

classification comprises determining if the vehicle came to a complete stop at the traffic sign.

13. The method of claim 8, wherein the object is a second vehicle; wherein detecting the
second vehicle comprises determining a location of the second vehicle based at least in part

on the visual data; and further comprising:

determining an indication of whether the second vehicle and the first vehicle are in the

same lane;
determining a speed of the first vehicle;

determining a following time based at least in part on the location of the second

vehicle and the speed of the first vehicle;

determining a trajectory of the second vehicle based at least in part on a second image

of the visual data; and

determining a cause of the driving behavior based at least in part on the trajectory of
the second vehicle; wherein the determining a classification of the driving behavior is based

at least in part on the indication, the following time, and the cause.

14. The method claim 8, wherein the driving behavior corresponds to a vehicle that is

controlled at least in part by a computerized driving controller.
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15. The method of claim 8, further comprising:

transmitting a portion of the visual data to a fourth device based at least in part on the

classification.

16. The method of claim 15, wherein the fourth device and the second device are the same.

17. The method of claim 8, further comprising:
determining a data bandwidth allocation;
determining a utilized data transfer bandwidth; and

transmitting a portion of the visual data to a fourth device based at least in part on the

utilized data transfer bandwidth, the data bandwidth allocation, and the classification.

18. The method of claim 17, wherein the determining a utilized data transfer bandwidth is

determined at the first device.

19. The method of claim 17, wherein the determining a utilized data transfer bandwidth is

determined at the fourth device.

20. The method of claim 8, further comprising:

determining a context of the vehicle; wherein determining a classification of a driving
behavior is further based on the context; and wherein the context comprises a driving
behavior of a nearby driver, an operating environment, a vehicle profile, a driver profile, or

some combination thereof.
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21. The method of claim 8, wherein the driving behavior is at least one of a speed of a driver
relative to a speed limit, a speed of a driver relative to the speed one or more nearby drivers, a

lane change, a lane position, and a responsiveness to road conditions.

22. An apparatus configured to transmit a descriptor of an event from a camera, the apparatus

comprising:
a first memory unit;
a second memory unit;
a first at least one processor coupled to the first memory unit; and

a second at least one processor coupled to the first memory unit; in which the first at

least one processor is configured to:
receive visual data from a first camera;

detect the event based at least in part on the visual data and a first inference

engine;
determine the descriptor of the event; and

transmit a first data comprising the descriptor from the first device to the

second memory unit.

23. The apparatus of claim 22, in which the second at least one processor is further

configured to:
receive a second visual data from a second camera;

wherein a second portion of a second field of view of the second camera does not
overlap with a first portion of a first field of view of the first camera; and wherein the

determining the descriptor of the event is based at least in part on the second visual data.
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24. The apparatus of claim 22, in which the second at least one processor is further

configured to:

receive a plurality of data at the second device, wherein the plurality of data

comprises the first data from the first device and a second data from a third device; and

determine a second inference engine based at least in part on the plurality of data

25. The apparatus of claim 22, wherein the first camera is affixed to a first vehicle, and the

first memory unit is connected to the first camera.

26. The apparatus of claim 23, wherein the first camera is affixed to a first vehicle, and the

first memory unit is connected to the first camera;

wherein the second camera is aftixed to the first vehicle, and the first memory unit is

connected to the second camera; and

wherein the first portion of the first field of view of the first camera includes a view of
a portion of the exterior of the vehicle, and the second portion of the second field of view of

the second camera includes a portion of the interior of the vehicle.

27. The apparatus of claim 22, wherein the configuration to detect an event comprises
configuring the first at least one processor to the detect a portion of an object in a first image

of the visual data.

28. The apparatus of claim 25, in which the second at least one processor is further

configured to:
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determine a classification of a driving behavior based at least in part on a portion of

the first data and a second inference engine.

29. The apparatus of claim 28, wherein the configuration to detect an event comprises
configuring the first at least one processor to detect a portion of an object in a first image of

the visual data.

30. The apparatus of claim 29, wherein the object is a traffic light; and

wherein the configuration to determine a classification comprises configuring the

second at least one processor to determine if the vehicle ran a red light.

31. The apparatus of claim 29, wherein the object is a traffic light; and in which the second at

least one processor is further configured to:

determine a safety of crossing an intersection; wherein the classification is based at

least in part on the determined safety, and wherein the configuration min

classification comprises configuring the second at least one processor to determine if the

vehicle waited at a green light.

32. The apparatus of claim 31, wherein the safety of crossing an intersection is based at least

in part on detecting a vehicle, a pedestrian, or some combination thereof, in the visual data.

33. The apparatus of claim 29, wherein the object is a traffic sign; wherein the configuration
to determine a classification comprises configuring the second at least one processor to

determine if the vehicle came to a complete stop at the traffic sign.
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34. The apparatus of claim 29, wherein the object is a second vehicle; wherein the
configuration to detect the second vehicle comprises configuring the first at least one
processor to determine a location of the second vehicle based at least in part on the visual

data; and in which the second at least one processor is further configured to:

determine an indication of whether the second vehicle and the first vehicle are in the

same lane;
determine a speed of the first vehicle;

determine a following time based at least in part on the location of the second vehicle

and the speed of the first vehicle;

determine a trajectory of the second vehicle based at least in part on a second image

of the visual data; and

determine a cause of the driving behavior based at least in part on the trajectory of the
second vehicle; wherein the classification of the driving behavior is based at least in part on

the indication, the following time, and the cause.

35. The apparatus of claim 29, wherein the driving behavior corresponds to a vehicle that is

controlled at least in part by a computerized driving controller.

36. The apparatus of claim 29, in which the first at least one processor is further configured

10!

transmit a portion of the visual data to the second memory based at least in part on the

classification.

37. The apparatus of claim 36, in which the first at least one processor is further configured

to:

determine a data bandwidth allocation;
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determine a utilized data transfer bandwidth; and

transmit a portion of the visual data to the second memory based at least in part on the

utilized data transfer bandwidth, the data bandwidth allocation, and the classification.

38. The apparatus of claim 36, in which the second at least one processor is further

configured to:
determine a data bandwidth allocation;
determine a utilized data transfer bandwidth; and

transmit a portion of the visual data to the second memory device based at least in part

on the utilized data transfer bandwidth, the data bandwidth allocation, and the classification.

39. The apparatus of claim 29, in which the second at least one processor is further

configured to:

determine a context of the vehicle; wherein the classification of a driving behavior is
further based on the context; and wherein the context comprises a driving behavior of a
nearby driver, an operating environment, a vehicle profile, a driver profile, or some

combination thereof.

40. The apparatus of claim 29, wherein the driving behavior is at least one of a speed of a
driver relative to a speed limit, a speed of a driver relative to the speed one or more nearby

drivers, a lane change, a lane position, and a responsiveness to road conditions.

41. An apparatus configured to transmit a descriptor of an event, the apparatus comprising:

means for receiving visual data from a first camera at a first device;
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means for detecting the event based at least in part on the visual data and a first

inference engine;
means for determining the descriptor of the event; and

means for transmitting a first data comprising the descriptor from the first device to a

second device.

42. The method of claim 41, further comprising:
means for receiving a second visual data from a second camera at the first device;

wherein a second portion of a second field of view of the second camera does not
overlap with a first portion of a first field of view of the first camera; and wherein the

determining the descriptor of the event is based at least in part on the second visual data.

43. The method of claim 41, further comprising:

means for receiving a plurality of data at the second device, wherein the plurality of

data comprises the first data from the first device and a second data from a third device; and

means for determining a second inference engine based at least in part on the plurality

of data.

44 The method of claim 41, wherein the first camera is affixed to a first vehicle, and the first

device is connected to the first camera.

45 The method of claim 42, wherein the first camera is affixed to a first vehicle, and the first

device is connected to the first camera;

wherein the second camera is affixed to the first vehicle, and the first device is

connected to the second camera; and
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wherein the first portion of the first field of view of the first camera includes a view of
a portion of the exterior of the vehicle, and the second portion of the second field of view of

the second camera includes a portion of the interior of the vehicle.

46. The method of claim 41, wherein means for detecting the event comprises means for

detecting a portion of an object in a first image of the visual data.

47. The method of claim 44, further comprising:

means for determining a classification of a driving behavior based at least in part on a

portion of the first data and a second inference engine.

48. The method of claim 47, wherein detecting the event comprises detecting a portion of an

object in a first image of the visual data.

49 The method of claim 48, wherein the object is a traffic light; and

wherein the means for determining a classification comprises means for determining

if the vehicle ran a red light.

50. The method of claim 48, wherein the object is a traffic light, and further comprising;

means for determining a safety of crossing an intersection; wherein the determining a
classification is based at least in part on the determined safety, and comprises means for

determining if the vehicle waited at a green light.

51. The method of claim 50, wherein the safety of crossing an intersection is based at least in

part on detecting a vehicle, a pedestrian, or some combination thereof, in the visual data.
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52. The method of claim 48, wherein the object is a traffic sign; wherein the means for
determining a classification comprises means for determining if the vehicle came to a

complete stop at the traffic sign.

53 The method of claim 48, wherein the object is a second vehicle; wherein detecting the
second vehicle comprises determining a location of the second vehicle based at least in part

on the visual data; and further comprising:

means for determining an indication of whether the second vehicle and the first

vehicle are in the same lane;
means for determining a speed of the first vehicle;

means for determining a following time based at least in part on the location of the

second vehicle and the speed of the first vehicle;

means for determining a trajectory of the second vehicle based at least in part on a

second image of the visual data; and

means for determining a cause of the driving behavior based at least in part on the
trajectory of the second vehicle; wherein the determining a classification of the driving

behavior is based at least in part on the indication, the following time, and the cause.

54 The method claim 48, wherein the driving behavior corresponds to a vehicle that is

controlled at least in part by a computerized driving controller.

55. The method of claim 48, further comprising:

means for transmitting a portion of the visual data to a fourth device based at least in

part on the classification.
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56. The method of claim 55, wherein the fourth device and the second device are the same.

57 The method of claim 48, further comprising:
means for determining a data bandwidth allocation;
means for determining a utilized data transfer bandwidth; and

means for transmitting a portion of the visual data to a fourth device based at least in
part on the utilized data transfer bandwidth, the data bandwidth allocation, and the

classification.

58 The method of claim 57, wherein the determining a utilized data transfer bandwidth is

determined at the first device.

I'e
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wherein the determining a utilized data transfer bandwidih is

determined at the fourth device.

60. The method of claim 48, further comprising:

means for determining a context of the vehicle; wherein determining a classification
of a driving behavior is further based on the context, and wherein the context comprises a
driving behavior of a nearby driver, an operating environment, a vehicle profile, a driver

profile, or some combination thereof.

61 The method of claim 48, wherein the driving behavior is at least one of a speed of a driver
relative to a speed limit, a speed of a driver relative to the speed one or more nearby drivers, a

lane change, a lane position, and a responsiveness to road conditions.
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62. A non-transitory computer-readable medium having program code recorded thereon code
for transmitting a descriptor of an event, the program code being executed by a processor and

comprising program code to:
receive visual data from a first camera,
detect an event based at least in part on the visual data and a first inference engine;
determine the descriptor of the event; and

transmit a first data comprising the descriptor to a second device.

63. A method of monitoring a driver behavior, comprising:

receiving visual data from a camera at a first device; wherein the camera is affixed to

a first vehicle; and wherein the first device is connected to the camera;

determining a classification of a driving behavior based at least in part on the visual

data and an inference engine; and

transmitting the classification to a second device.

64. An apparatus configured to monitor a driver behavior, the apparatus comprising:
a first memory unit;
a second memory unit;
a first at least one processor coupled to the first memory unit; and

a second at least one processor coupled to the first memory unit; in which the first at

least one processor is configured to:

receive visual data from a camera at a first device; wherein the camera is
affixed to a first vehicle; and wherein the first device is connected to the camera;
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determine a classification of a driving behavior based at least in part on the

visual data and an inference engine; and

transmit the classification to a second device.

65. An apparatus configured to monitor a driver behavior, the apparatus comprising:

means for receiving visual data from a camera at a first device; wherein the camera is

affixed to a first vehicle; and wherein the first device is connected to the camera;

means for determining a classification of a driving behavior based at least in part on

the visual data and an inference engine; and

means for transmitting the classification to a second device.

66. A non-transitory computer-readable medium having program code recorded thereon code
to monitor a driver behavior, the program code being executed by a processor and comprising

program code to:

receive visual data from a camera at a first device; wherein the camera is affixed to a

first vehicle; and wherein the first device is connected to the camera;

determine a classification of a driving behavior based at least in part on the visual data

and an inference engine; and

transmit the classification to a second device.
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