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(57) ABSTRACT

The present teachings provide an autonomous mobile robot
that includes a drive configured to maneuver the robot over a
ground surface within an operating environment; a camera
mounted on the robot having a field of view including the
floor adjacent the mobile robot in the drive direction of the
mobile robot; a frame buffer that stores image frames
obtained by the camera while the mobile robot is driving; and
a memory device configured to store a learned data set of a
plurality of descriptors corresponding to pixel patches in
image frames corresponding to portions of the operating envi-
ronment and determined by mobile robot sensor events.
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SYSTEMS AND METHODS FOR CAPTURING
IMAGES AND ANNOTATING THE
CAPTURED IMAGES WITH INFORMATION

TECHNICAL FIELD

[0001] Systems and methods for analyzing images using
classifiers and more specifically to determining ground truths
for images using mobile robots as they explore their operating
environments are described herein.

BACKGROUND

[0002] Many robots are electro-mechanical machines,
which are controlled by a computer. Mobile robots have the
capability to move around in their environment and are not
fixed to one physical location. An example of a mobile robot
that is in common use today is an automated guided vehicle or
automatic guided vehicle (AGV). An AGV is typically con-
sidered to be a mobile robot that follows markers or wires in
the floor, or uses a vision system or lasers for navigation.
Mobile robots can be found in industry, military and security
environments. They also appear as consumer products, for
entertainment or to perform specific tasks such as vacuum
cleaning and home assistance.

[0003] Machine learning is a subfield of computer science
and artificial intelligence that deals with the construction of
systems that can learn or be trained from data. Machine
learning can involve performing a class of processes referred
to as supervised learning in which a classifier is trained using
a set of ground truth training data. This ground truth training
data provides example inputs and the desired outputs. In
many instances, the goal of a machine learning process is to
train a classifier that is able to determine a rule or set of rules
that maps the inputs to the appropriate outputs. For example,
in order to train a handwriting recognition classifier, the train-
ing data may include handwritten characters as inputs and the
outputs would specify the actual characters that should be
recognized by the classifier for the input handwritten charac-
ters. Accordingly, supervised learning processes attempt to
use a function or mapping learned from a training set of inputs
and outputs to generate an output for previously unseen
inputs.

SUMMARY OF THE INVENTION

[0004] The present invention provides a mobile robot con-
figured to navigate an operating environment, that includes a
body containing a processor; memory containing a behav-
ioral control application, a set of images associated with
ground truth data, and a classifier; a machine vision system; a
sensor system configured to generate sensor outputs provid-
ing information concerning the operating environment of the
mobile robot; and a drive; where the classifier configures the
processor to classify the content of images acquired by the
machine vision sensor system based upon the set of images
annotated with ground truth data; where the behavioral con-
trol application configures the processor to: acquire a new
image using the machine vision system, where the new image
contains a view of a specific region within the operating
environment; actuate the drive system to enter the specific
region of the operating environment; receive sensor outputs
from the sensor system as the mobile robot enters the specific
region of the operating environment; determine ground truth
for the content of at least a portion of the new image based
upon the sensor outputs and annotating the at least a portion of
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the new image with ground truth data; and add the at least a
portion of the new image annotated with ground truth data
determined by the mobile robot to the set of image portions
annotated with ground truth data.

[0005] In several embodiments, the classifier may config-
ure the processor to classify the content of images acquired by
the machine vision sensor system based upon the set of
images annotated with ground truth data by retraining the
classifier using a training dataset comprising the set of images
annotated with ground truth data and the at least a portion of
the new image annotated with ground truth data.

[0006] In some embodiments, the classifier may be a Sup-
port Vector Machine. In several embodiments, the classifier
may be trained using a supervised machine learning process.
[0007] Inmany embodiments, the classifier may configure
the processor to classify the content of images acquired by the
machine vision sensor system based upon the set of images
annotated with ground truth data by: determining at least one
nearest neighbor image in the set of images annotated with
ground truth data based upon similarity to at least a portion of
the new image; and classifying the content of the at least a
portion of the new image based on its similarity to the at least
one nearest neighbor image.

[0008] Insome embodiments, the similarity of the content
of the at least a portion of the new image to the content of a
nearest neighbor image may be determined by: extracting
features from the at least a portion of the new image; and
comparing the extracted features to features extracted from
the nearest neighbor image.

[0009] In several embodiments, the features may be iden-
tified using at least one of Scale-Invariant Feature Transform
(SIFT) descriptors, Speeded Up Robust Features (SURF)
descriptors, and Binary Robust Independent Elementary Fea-
tures (BRIEF) descriptors.

[0010] In numerous embodiments, the behavioral control
application further configures the processor to: generate a
map of the operating environment; and associate at least a
portion of the new image with a region of the map.

[0011] In certain embodiments, the behavioral control
application further configures the processor to: segment the
new image acquired using the machine vision sensor system
into image portions; and provide at least one of the image
portions to the classifier to determine the characteristics of the
regions of the operating environment visible in the image
portion.

[0012] Inanumber of embodiments, the behavioral control
application configures the processor to segment the new
image acquired using the machine vision sensor system into
image portions by: detecting a horizon in the new image; and
providing at least one portion of the new image that is located
below the horizon to the classifier to determine the character-
istics of the regions of the mobile robot’s operating environ-
ment visible in the at least one image portion.

[0013] In several embodiments, the image portions corre-
spond to specific distances to regions of the operating envi-
ronment visible in the image portions.

[0014] Insomeembodiments, the memory further contains
aplurality of classifiers, wherein different image portions are
provided to different classifiers from the plurality of classifi-
ers.

[0015] In some embodiments, the machine vision sensor
system includes a camera that captures images of the envi-
ronment that corresponds to the current driving direction of
the mobile robot; and the behavioral control application con-
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figures the processor to: actuate the drive system to drive in
the current driving direction of the mobile robot; annotate at
least a portion of an image that corresponds to a specific
region of the environment through which the mobile robot is
traversing with ground truth data based upon sensor inputs
received from the sensor system; and discard unannotated
images when the mobile robot changes driving direction.
[0016] In some embodiments, the set of images annotated
with ground truth data includes images annotated as contain-
ing views of traversable floors and images annotated as con-
taining views of non-traversable floor.

[0017] In some embodiments, the machine vision sensor
system is configured to generate a depth map for the new
image; and the behavioral control application configures the
processor to use the depth map to determine distances to
different locations within the operating environment of the
mobile robot visible within the new image.

[0018] Some embodiments of the invention provide a
method of classifying the content of images acquired from
within an operating environment of a mobile robot, the
method includes: acquiring a new image using a machine
vision sensor system of a mobile robot, where the new image
contains a view of a specific region within an operating envi-
ronment; classifying content of the new image based upon a
set of images annotated with ground truth data using the
mobile robot; actuating a drive system of the mobile robot to
enter the specific region of the operating environment; receiv-
ing sensor outputs from a sensor system on the mobile robot
as the mobile robot enters the specific region of the operating
environment; determining ground truth data for the content of
at least a portion of the new image based upon the sensor
outputs using the mobile robot; annotating the at least a por-
tion of the new image with ground truth data using the mobile
robot; and adding at least a portion of the new image anno-
tated with ground truth data to the set of image portions
annotated with ground truth data using the mobile robot.
[0019] Some embodiments further include retraining the
classifier using a training dataset comprising the set of images
annotated with ground truth data and the new image anno-
tated with ground truth data using a supervised machine
learning system.

[0020] In some embodiments, the supervised machine
learning system is implemented on the mobile robot.

[0021] In some embodiments, the supervised machine
learning system is implemented on a remote server and the
method further includes transmitting the at least a portion of
the new image annotated with the ground truth data from the
mobile robot to the remote server and receiving an updated
classifier from the remote server at the mobile robot.

[0022] In some embodiments, classifying content of the
new image based upon a set of images annotated with ground
truth data using the mobile robot further includes: determin-
ing at least one nearest neighbor image in the set of images
annotated with ground truth data based upon similarity to at
least a portion of the new image; and classifying the content
of the at least a portion of the new image based on its simi-
larity to the at least one nearest neighbor image.

[0023] Some embodiments provide a method for training a
classifier of a mobile robot, the method includes: obtaining a
plurality of image frames along a drive direction of the mobile
robot, the plurality of image frames comprising a base image
frame corresponding to an initial pose of the mobile robot and
subsequent image frames obtained at intervals during for-
ward travel of the mobile robot, the mobile robot having a
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forward facing camera mounted thereon for obtaining the
image frames, the camera having a field of view including the
floor in front of the robot, and the robot having a memory
device configured to store a learned data set of a plurality of
descriptors determined by mobile robot events; assuming that
a location is traversable floor, wherein the mobile robot is
configured to detect traversable floor and non-traversable
non-floor with one or more sensors mounted on the mobile
robot; determining that the location is non-floor based on a
robot sensor event at the location; retrieving from a frame
buffer an image frame obtained immediately prior to the
sensor event; generating a floor descriptor corresponding to
the characteristics of the floor at the bottom of the image
frame captured by the camera immediately prior to the sensor
event; generating a non-floor descriptor corresponding to
characteristics of the non-floor at the top of the image frame
captured by the camera immediately prior to the sensor event;
and storing the floor descriptor and the non-floor descriptor in
the learned data set.

[0024] Insome embodiments, the sensor event is detection
of'a collision and determining that the mobile robot has col-
lided with the obstacle includes: receiving a bumper signal
indicating a collision from a bumper sensor of the mobile
robot; and verifying that the mobile robot was traveling
straight prior to the collision for at least one second.

[0025] Insomeembodiments, the location corresponds to a
patch of pixels and the one or more characteristics of the patch
of pixels includes color and/or texture.

[0026] In some embodiments, texture is obtained from the
detection of surface features.

[0027] In some embodiments, the learned dataset is con-
tinuously updated and the oldest descriptors are replaced by
new descriptors.

[0028] In some embodiments, the learned dataset is con-
tinuously updated and descriptors having low confidence val-
ues are replaced by new descriptors having relatively higher
confidence values.

[0029] In some embodiments, the descriptors are, for
example, six digit numbers representing a patch of pixels of
an image identified as floor or non-floor.

[0030] Insome embodiments, the learned dataset is stored
in memory and remains accessible by the robot between runs.
[0031] In some embodiments, the learned dataset is
unpopulated at the start of each new run and the classifier
trains the dataset with descriptors over the run of the mobile
robot.

[0032] In certain embodiments, the learned dataset is con-
tinuously updated and the oldest descriptors are replaced by
newly added descriptors.

[0033] Some embodiments of the invention provide an
autonomous mobile robot including: a drive configured to
maneuver the robot over a ground surface within an operating
environment; a camera mounted on the robot having a field of
view including the floor adjacent the mobile robot in the drive
direction of the mobile robot; a frame buffer that stores image
frames obtained by the camera while the mobile robot is
driving; and a memory device configured to store a learned
data set of a plurality of descriptors corresponding to pixel
patches in image frames corresponding to portions of the
operating environment and determined by mobile robot sen-
sor events.

[0034] In some embodiments, the mobile robot further
includes one or more processors executing a training process
for a classifier of the learned data set, the process including:
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determining based on one or more sensor events that the
mobile robot collided with an obstacle; retrieving a pre-col-
lision frame from the frame buffer; identifying a lower por-
tion of the pre-collision frame and an upper portion of the
pre-collision frame; generating a first descriptor correspond-
ing to the ground surface that the mobile robot is traveling on
based on the lower portion; generate a second descriptor
corresponding to at least part of the obstacle observed in the
pre-collision frame based on the upper portion; and storing
the first descriptor and the second descriptor in the learned
data set. In some embodiments, the descriptors are, for
example, six digit numbers representing a patch of pixels of
an image identified as floor or non-floor.

[0035] Several embodiments of the invention provide a
method for training a classifier of' a mobile robot, the method
including: obtaining a plurality of image frames along a drive
direction of the mobile robot, the plurality of image frames
comprising a base image frame corresponding to an initial
pose of the mobile robot and subsequent image frames
obtained at intervals during forward travel of the mobile
robot, the mobile robot having a forward facing camera
mounted thereon for obtaining the image frames, the camera
having a field of view including the floor in front of the robot,
and the robot having a memory device configured to store a
learned data set of a plurality of descriptors determined by
mobile robot events; assuming that a portion of the base
image frame is traversable floor, wherein the mobile robot is
configured to detect traversable floor and non-traversable
non-floor with one or more sensors mounted on the mobile
robot; determining whether the mobile robot has traversed a
threshold distance in a same direction since obtaining the
base image frame; identifying an upper portion and a lower
portion of the base image frame; identifying a section of the
lower portion of the base image frame corresponding to a
current pose of the mobile robot, the section being an area of
a ground surface depicted in the lower portion of the base
image frame at a depth corresponding to a drive distance
traversed by the mobile robot from the initial pose to the
current pose; generating a floor descriptor of the section; and
storing the floor descriptor in the learned data set. In some
embodiments, the descriptors are, for example, six digit num-
bers representing a patch of pixels of an image identified as
floor or non-floor.

[0036] Some embodiments further include the mobile
robot not detecting a sensor event of a collision with an
obstacle while traversing the threshold distance.

[0037] Several embodiments further include detecting a
new heading of the mobile robot; and obtaining a plurality of
image frames along the new heading of the mobile robot, the
plurality of image frames comprising a new base image frame
corresponding to a new initial pose of the mobile robot at the
new heading.

[0038] In some embodiments, determining whether the
mobile robot has traversed a threshold distance in the same
direction since obtaining the base image without detecting a
sensor event includes determining a distance between the
initial pose of the mobile robot and a current pose of the
mobile robot.

[0039] In some embodiments, the method further includes
generating a non-floor descriptor corresponding to character-
istics of the non-floor within the upper portion of the base
image frame.
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[0040] In some embodiments, the one or more characteris-
tics of the non-floor includes at least one characteristic
selected from the group consisting of: color, and texture.

[0041] In certain embodiments, identifying the upper por-
tion and the lower portion of the base image frame includes
identifying a horizon within the base image.

[0042] Some embodiments provide an autonomous mobile
robot including: a drive configured to maneuver to mobile
robot over a ground surface within an operating environment;
a camera mounted on the mobile robot having a field of view
including the floor adjacent the mobile robot in the drive
direction of the mobile robot; a frame buffer that stores image
frames obtained by the camera while the mobile robot is
driving; and a memory device configured to store a learned
data set of a plurality of descriptors corresponding to pixel
patches in image frames corresponding to portions of the
operating environment and determined by mobile robot sen-
SOr events; one or more processors executing a training pro-
cess for a classifier of the learned data set, the process includ-
ing: assuming that a portion of the base image frame is
traversable floor, wherein the mobile robot is configured to
detect traversable floor and non-traversable non-floor with
one or more sensors mounted on the mobile robot; determin-
ing whether the mobile robot has traversed a threshold dis-
tance in a same direction since obtaining the base image
frame; identifying an upper portion and a lower portion of the
base image frame; identifying a section of the lower portion
of'the base image frame corresponding to a current pose of the
mobile robot, the section being an area of a ground surface
depicted in the lower portion of the base image frame at a
depth corresponding to a drive distance traversed by the
mobile robot from the initial pose to the current pose; gener-
ating a floor descriptor of the section; and storing the floor
descriptor in the learned data set. In some embodiments, the
descriptors are, for example, six digit numbers representing a
patch of pixels of an image identified as floor or non-floor.

[0043] In some embodiments, the descriptor for the patch
of'pixels includes atleast one characteristic including color or
texture.

[0044] In some embodiments, the process further includes
not detecting a sensor event of a collision with an obstacle
while traversing the threshold distance.

[0045] In several embodiments, the process further
includes: detecting a new heading of the mobile robot; and
obtaining a plurality of image frames along the new heading
of'the mobile robot, the plurality of image frames comprising
anew base image frame corresponding to a new initial pose of
the mobile robot at the new heading.

[0046] In certain embodiments, determining whether the
mobile robot has traversed a threshold distance in the same
direction since obtaining the base image without detecting a
sensor event includes determining a distance between the
initial pose of the mobile robot and a current pose of the
mobile robot.

[0047] In numerous embodiments, the process further
includes generating a non-floor descriptor corresponding to
characteristics of the non-floor within the upper portion of the
base image frame. In some embodiments, the non-floor
descriptor is, for example, six digit number representing a
patch of pixels of an image identified non-floor.

[0048] Insomeembodiments, identifying the upper portion
and the lower portion of the base image frame includes iden-
tifying a horizon within the base image.
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[0049] Some embodiments of the invention provide a
method for training a classifier of' a mobile robot, the method
including: obtaining a plurality of image frames along a drive
direction of the mobile robot, the plurality of image frames
comprising a base image frame corresponding to an initial
pose of the mobile robot and subsequent image frames
obtained at intervals during forward travel of the mobile
robot, the mobile robot having a forward facing camera
mounted thereon for obtaining the image frames, the camera
having a field of view including the floor in front of the robot,
and the robot having a memory device configured to store a
learned data set of a plurality of descriptors determined by
mobile robot events; tracking a location as non-traversable
non-floor based on the plurality of descriptors, wherein the
mobile robot is configured to detect traversable floor and
non-traversable non-floor with one or more sensors mounted
on the mobile robot; determining that the location is travers-
able floor after traveling a distance to the location and not
detecting a robot sensor event at the location; generating a
floor descriptor corresponding to the characteristics of the
floor at the location within the image frame captured by the
camera; and updating the floor descriptors in the learned data
set. In some embodiments, the descriptors are, for example,
six digit numbers representing a patch of pixels at a location
of an image identified as floor or non-floor.

[0050] Insomeembodiments, the distance traveled is based
on an expected change in a wheel encoder.

[0051] In some embodiments the method further includes
detecting a heading change and resetting a tracking of the
location to a new location that corresponds to non-traversable
non-floor.

[0052] Inseveral embodiments, the location corresponds to
a patch of pixels and the one or more characteristics of the
patch of pixels includes at least one characteristic selected
from the group consisting of: color; and texture.

[0053] In certain embodiments, not detecting the sensor
event includes determining that the mobile robot has not
collided with an obstacle.

[0054] Some embodiments of the invention provide an
autonomous mobile robot including: a drive configured to
maneuver to mobile robot over a ground surface within an
operating environment; a camera mounted on the mobile
robot having a field of view including the floor adjacent the
mobile robot in the drive direction of the mobile robot; a
frame buffer that stores image frames obtained by the camera
while the mobile robot is driving; and a memory device con-
figured to store a learned data set of a plurality of descriptors
corresponding to pixel patches in image frames correspond-
ing to portions of the operating environment and determined
by mobile robot sensor events; one or more processors
executing a training process for a classifier of the learned data
set, the process including: tracking a location as non-travers-
able non-floor based on the plurality of descriptors, wherein
the mobile robot is configured to detect traversable floor and
non-traversable non-floor with one or more sensors mounted
on the mobile robot; determining that the location is travers-
able floor after traveling a distance to the location and not
detecting a robot sensor event at the location; generating a
floor descriptor corresponding to the characteristics of the
floor at the location within the image frame captured by the
camera; and updating the floor descriptors in the learned data
set. In some embodiments, the descriptors are, for example,
six digit numbers representing a patch of pixels identified as
floor or non-floor at the location in the image frame.
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[0055] Insomeembodiments, the distance traveled is based
on an expected change in a wheel encoder.

[0056] In some embodiments, the process further includes
detecting a heading change and resetting a tracking of the
location to a new location that corresponds to non-traversable
non-floor.

[0057] Insomeembodiments, the location corresponds to a
patch of pixels and the one or more characteristics of the patch
of pixels include at least one characteristic selected from the
group consisting of: color; and texture.

[0058] In several embodiments, not detecting the sensor
event includes determining that the mobile robot has not
collided with an obstacle.

[0059] Some embodiments of the invention provide a
method for training a classifier of a mobile robot, the method
including: obtaining a plurality of image frames along a drive
direction of the mobile robot, the plurality of image frames
comprising a base image frame corresponding to an initial
pose of the mobile robot and subsequent image frames
obtained at intervals during forward travel of the mobile
robot, the mobile robot having a forward facing camera
mounted thereon for obtaining the image frames, the camera
having a field of view including the floor in front of the robot,
and the robot having a memory device configured to store a
learned data set of a plurality of descriptors determined by
mobile robot events; detecting a plurality of obstacles located
at a plurality of distances from the mobile robot; tracking a
first obstacle that is closest to the mobile robot and buffering
descriptors of the first obstacle in the learned data set; travel-
ing a threshold distance and detecting a second obstacle that
is closer to the mobile robot than the first obstacle; resetting
the mobile robot to not track the first obstacle; and tracking
the second obstacle and buffering descriptors of the second
obstacle in the learned data set. In some embodiments, the
descriptors are, for example, six digit numbers representing a
patch of pixels identified as floor or non-floor at a location in
an image frame.

[0060] Insomeembodiments, an obstacle corresponds to a
patch of pixels and the one or more characteristics of the patch
of pixels at least one characteristic selected from the group
consisting of: color; and texture.

[0061] Insomeembodiments, tracking an obstacle includes
tracking a movement of a patch of pixels through a plurality
of image frames based on movement of the mobile robot.
[0062] In certain embodiments, the method further
includes traveling the threshold distance prior to capturing a
new image.

[0063] In several embodiments, the method further
includes buffering descriptors of the closest obstacle and
updating the learned dataset with the descriptors.

[0064] Some embodiments of the invention provide an
autonomous mobile robot including: a drive configured to
maneuver to mobile robot over a ground surface within an
operating environment; a camera mounted on the mobile
robot having a field of view including the floor adjacent the
mobile robot in the drive direction of the mobile robot; a
frame buffer that stores image frames obtained by the camera
while the mobile robot is driving; and a memory device con-
figured to store a learned data set of a plurality of descriptors
corresponding to pixel patches in image frames correspond-
ing to portions of the operating environment and determined
by mobile robot sensor events; one or more processors
executing a training process for a classifier of the learned data
set, the process including: detecting a plurality of obstacles
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located at a plurality of distances from the mobile robot;
tracking a first obstacle that is closest to the mobile robot and
buffering descriptors of the first obstacle in the learned data
set; traveling a threshold distance and detecting a second
obstacle that is closer to the mobile robot than the first
obstacle; resetting the mobile robot to not track the first
obstacle; and tracking the second obstacle and buffering
descriptors of the second obstacle in the learned data set. In
some embodiments, the descriptors are, for example, six digit
numbers representing a patch of pixels identified as floor or
non-floor in an image frame.

[0065] Insomeembodiments, an obstacle corresponds to a
patch of pixels and the one or more characteristics of the patch
of pixels includes at least one characteristic selected from the
group consisting of: color; and texture.

[0066] In certain embodiments, tracking an obstacle
includes tracking a movement of a patch of pixels through a
plurality of image frames based on movement of the mobile
robot.

[0067] In some embodiments, the process further includes
traveling a threshold distance prior to capturing a new image.
[0068] In several embodiments, the process further
includes buffering descriptors of the closest obstacle and
updating the learned dataset with the descriptors.

BRIEF DESCRIPTION OF THE DRAWINGS

[0069] FIG. 11is a front perspective view of a mobile robot
incorporating a machine vision sensor system.

[0070] FIG. 2 is a rear perspective view of a mobile robot
incorporating a machine vision sensor system.

[0071] FIG. 3 conceptually illustrates a robot controller.
[0072] FIG. 4 conceptually illustrates the execution of a
behavioral control application by a robot controller.

[0073] FIG. 5 is a flow chart illustrating a process for
improving the performance of a classifier by capturing
images from within the operating environment of the mobile
robot and annotating the images with ground truth informa-
tion determined by the mobile robot.

[0074] FIG. 6 is a flow chart illustrating a process for
obtaining ground truth information for a previously classified
image using a mobile robot.

[0075] FIG. 7 is a flow chart illustrating a process for seek-
ing out ground truth information based upon confidence met-
rics generated by one or more classifiers.

[0076] FIG. 8 is a flow chart illustrating a process for uti-
lizing map information to determine correspondence between
ground truth information and previously captured image data.
[0077] FIG. 9 conceptually illustrates the segmentation of
an image into image portions that are separately provided to
classifiers to obtain information concerning features present
within the image and the distance to the detected features
[0078] FIG. 10A illustrates an example of training a clas-
sifier for distinguishing traversable floor and non-traversable
floor.

[0079] FIG. 10B illustrates an example of training a clas-
sifier for distinguishing traversable floor and non-traversable
floor.

[0080] FIG. 10C illustrates an example of training a clas-
sifier for distinguishing traversable floor and non-traversable
floor.

[0081] FIG. 10D illustrates an example of training a clas-
sifier for distinguishing traversable floor and non-traversable
floor.
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[0082] FIG. 10E illustrates an example of training a classi-
fier for distinguishing traversable floor and non-traversable
floor.

[0083] FIG. 10F illustrates an example of training a classi-
fier for distinguishing traversable floor and non-traversable
floor.

[0084] FIG. 11A is a flow chart illustrating a process for a
false negative training algorithm.

[0085] FIG. 11B is a schematic illustrating sampling non-
floor and traversable floor samples from a pre-collision
frame.

[0086] FIG. 12 is a flow chart illustrating a driving straight
routine for determining if the heading of a mobile robot 100
has changed.

[0087] FIG. 13A is a flow chart illustrating a process for a
true negative training algorithm.

[0088] FIG. 13Bisaschematic illustrating sampling a floor
sample from a base image to reinforce the trained classifier
dataset for a traversable floor sample.

[0089] FIG. 13Cis a schematic illustrating sampling a non-
floor sample from a current image frame to reinforce the
trained classifier dataset for a non-floor sample.

[0090] FIG. 14A is a flow chart illustrating a false positive
trainer algorithm.

[0091] FIG. 14B is a flow chart illustrating a optimization
routine for tracking a closest pixel patch of interest.

DETAILED DESCRIPTION

[0092] Somemobilerobots may implement machine vision
to assist in the navigation of the mobile robot 100. These
mobile robots may include classifiers which analyze the field
of view of the robot and predict whether the mobile robot is
likely to encounter an obstacle in an upcoming segment of its
path or whether the mobile robot is likely able to travel the
upcoming segment without encountering an obstacle. The
techniques disclosed herein are directed to training the clas-
sifier. In particular, trainers are disclosed for training the
classifier when the classifier incorrectly predicts a positive
event, incorrectly predicts a negative event, and correctly
predicts a negative event.

[0093] Turning now to the drawings, systems and methods
for capturing images and annotating the captured images with
ground truth information as mobile robots explore their oper-
ating environments are illustrated. In some examples
described herein, mobile robots use classifiers to determine
information from images of the mobile robot’s operating
environment. In some embodiments, the classifiers are gen-
erated using a supervised machine learning technique in
which the classifier is repeatedly retrained using images and
ground truths obtained by the mobile robot 100 while explor-
ing its operating environment. In a number of embodiments,
the classifier uses annotated example or template images in
the classification process and the mobile robot 100 gathers
additional annotated examples by capturing images and
determining ground truths for the captured images. It is
believed to be advantageous to update sets of images and
ground truths used by the mobile robot to determine the
characteristics of the environment surrounding the mobile
robot, including the presence of obstacles, because the sets of
images with ground truths will be updated with information
that is specific to the particular environment in which the
mobile robot will navigate. In particular, updated images may
be obtained and used to train the classifier that reflect the
characteristics of the environment surrounding the mobile
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robot, thus optimizing the classifier for the particular envi-
ronment. As can readily be appreciated, a classifier trained
using examples specific to a particular operating environment
is being trained to identify the specific obstacles that exist
within that operating environment as opposed to being trained
to identify obstacles that may or may not resemble the actual
obstacles within the mobile robot’s environment.

[0094] As a mobile robot 100 moves through an environ-
ment, its behavior should ideally be responsive to the chang-
ing characteristics of the environment. Many mobile robots
determine their behavior based upon information gathered
using sensors. In a number of embodiments, mobile robots
include one or more machine vision sensor systems that can
be used to obtain images of the mobile robot’s operating
environment. The machine vision sensor systems can include
one or more cameras that obtain images and/or sequences of
frames of video. In many embodiments, the machine vision
sensor system is capable of generating a depth map for the
particular scene being captured. The depth map may be used
to determine distances to various locations and/or objects
visible within the captured image. In some embodiments, the
cameras are arranged in a multi-view stereo camera configu-
ration that captures images of the scene from different view-
points, from which disparity can be utilized to derive distance
information. Other embodiments may generate distance
information using any of a variety of sensors appropriate to
the requirements of a specific application such as, but not
limited to, time of flight cameras, structured light cameras,
and/or LIDAR systems.

[0095] As noted above, mobile robots can use classifiers to
understand the content of images captured by a machine
vision sensor system. A classifier can be an algorithm imple-
mented to identify observations as falling into one category or
another, such as robot camera observations of pixels associ-
ated with traversable floor and non-traversable floor catego-
ries. Many classifiers accomplish the identification using a
training set of known data associated with previously catego-
rized observations. Alternatively, the classifier can utilize a
set of rules that map inputs, such as sets of pixels to outputs
such as traversable floor and non-traversable floor, where the
rules are determined using machine learning techniques
based upon a training set of known data associated with
previously categorized observations. Classifier outputs can
be utilized to determine appropriate behavior such as (but not
limited to) changing direction to avoid an obstacle. For
example, information generated by classifiers can specify
portions of a captured image that contain traversable floor
and/or portions of the captured image that contain obstacles
and/or non-traversable floor. The classifier outputs can also
indicate the distance to a feature within a captured image.

[0096] A mobile robot 100 can include numerous other
sensors in addition to the sensor(s) contained within a
machine vision sensor system. Such additional sensors can
include (but are not limited to) collision sensors, bumper
sensors, stall sensors, infrared proximity sensors, and/or
sonar sensors. Each type of sensor can provide information
regarding the mobile robot’s surrounding environment. For
example, a bumper sensor 115 may provide information
regarding the presence of an obstacle contacting an edge of
the mobile robot 100 while a sonar sensor may provide infor-
mation regarding the presence of a proximate obstacle. In
many embodiments, mobile robots continuously obtain
images as they navigate within an environment and generate
ground truth information using other sensors. For example, if
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amobile robot 100 bumper sensor 115 triggers upon collision
with an obstacle positioned at a location visible in a previ-
ously captured image, the mobile robot 100 may add the
image and/or a particular portion of the image to a non-floor
dataset. Likewise, if the robot detects or is able to verify the
existence of traversable floor for other portions of the image,
the robot may add the image and/or portion(s) of the image to
a traversable floor dataset. By continuously updating anno-
tated datasets generated based on the actual environment in
which the robot is navigating, a machine learning algorithm
can use the annotated datasets to increase the accuracy with
which the mobile robot 100 understands its surrounding envi-
ronment. In this context, an annotated dataset is a set of data
used by the classifier or used in the training of the classifier
that is annotated with ground truth. There are a variety of
ways in which data can be annotated including (but not lim-
ited to) associating specific fields of metadata describing a
piece of data in the dataset with the described piece of data
within a database. Similarly, the additional annotated images
can improve the performance accuracy and reliability of a
classifier that utilizes the annotated datasets in a classification
process. As can readily be appreciated, training classifiers
and/or performing classification using images specific to the
environment in which a mobile robot 100 is operating is likely
to significantly improve the performance of the classifiers
within that environment.

[0097] Inseveral embodiments, mobile robots 100 are pro-
visioned with an initial annotated dataset for use in the sub-
sequent retraining of classifiers and/or performing classifica-
tion. The initial dataset likely contains images that are not
specific to the operating environment of the mobile robot 100,
and the initial dataset is supplemented with images captured
from within the operating environment of the mobile robot
100 as it explores. In other embodiments, mobile robots 100
are deployed to a particular environment and initially do not
utilize classifiers to understand the content of images cap-
tured by the machine vision sensor system of the robot.
Instead, the mobile robots 100 collect annotated data by
exploring their operating environments and use the annotated
data to build classifiers that enable the mobile robots 100 to
interpret subsequently captured images and/or perform clas-
sification. In this way, annotated datasets can be continuously
updated as the robot navigates within the environment.

[0098] Inseveral embodiments, a mobile robot 100 may be
programmed to support a behavior in which the mobile robot
100 seeks out ground truth information concerning the con-
tent of images captured by a machine vision sensor system. In
this way, the mobile robot 100 can annotate images captured
by the machine vision sensor system and add the annotated
images to annotated data sets for use in the (re)training of one
or more classifiers and/or performing classification depend-
ing upon the characteristics of the one or more classifiers. In
many embodiments, a behavior involving seeking out ground
truth information is driven by the reliability of the informa-
tion generated by the one or more classifiers utilized by the
mobile robot 100. A classifier utilized by a mobile robot 100
can generate one or more confidence metrics with respect to
the classification of image content. The confidence metric(s)
generated by a classifier can be utilized by the mobile robot
100 to determine whether to seek ground truth information
concerning the content of an image provided as an input to the
classifier.

[0099] Various location and mapping techniques can be
used by the mobile robot 100. In a number of embodiments,
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the mobile robot 100 constructs a map of the environment
using visual simultaneous location and mapping (V-SLAM).
V-SLAM may be used to generate one or more maps of the
environment and images or portions of images captured by
the robot can be associated with different regions within the
map(s). In many embodiments, the pose of a mobile robot 100
can be used to relate images and/or portions of images with
regions in a map. The mobile robot 100 can then track its
location and establish ground truth information with respect
to captured images and/or image portions corresponding to
views of specific map locations. In addition, a mobile robot
100 can utilize the map(s) to identify different views of the
same region for which a classifier produces conflicting results
and can establish ground truth for the region for use in retrain-
ing the classifier(s).

[0100] Although much of the discussion that follows
describes the classification of traversable and non-traversable
floor, the techniques disclosed herein can be utilized by
mobile robot 100s to train classifiers capable of detecting
and/or recognizing any of a variety of different features
observable in images captured by a machine vision sensor
system based upon ground truth independently established by
the mobile robot 100 using additional sensors. Accordingly,
systems and methods for capturing images and annotating the
captured images with ground truth information as mobile
robots 100 explore their operating environments in accor-
dance with embodiments of the invention are discussed fur-
ther below.

Mobile Robots that Collect Ground Truths and Annotate
Images

[0101] Mobile robots described herein incorporate
machine vision sensor systems to obtain image data and addi-
tional sensors that receive inputs that can be used to derive
ground truths concerning the content of images captured by
the machine vision sensor system. The ground truths can then
be utilized by the mobile robots 100 to train classifiers using
training data specific to the operating environment of the
robot. In many embodiments, the annotated images can be
utilized in the performance of the classification process itself.
An exemplary mobile robot 100 that utilizes a machine vision
sensor system and additional sensors to collect ground truth
data as the mobile robot 100 explores its environment is
illustrated in FIGS. 1-2. In particular, FI1G. 1 illustrates a front
view of the mobile robot 100 while FIG. 2 illustrates a back
view.

[0102] Inthe embodiment illustrated in FIG. 1, the mobile
robot 100 includes a rounded body 103 supported by a drive
system (located beneath the body 103 and thus not visible in
this illustration) that can maneuver the robot across a floor
surface. In several embodiments, the mobile robot 100 is
configured to actuate its drive system based on a drive com-
mand. In some embodiments, the drive command may havex,
y, and 0 components and the command may be issued by a
controller. The mobile robot 100 body 103 has a forward
portion 105 corresponding to the front half of the rounded
shaped body 103, and a rearward portion 110 corresponding
the back half of the rounded shaped body 103. In the illus-
trated embodiment, the drive system includes right and left
driven wheel modules that may provide odometry to the con-
troller. In the illustrated embodiment, the wheel modules are
substantially opposed along a transverse axis X defined by the
body 103 and include respective drive motors driving respec-
tive wheels. The drive motors may releasably connect to the
body 103 (e.g., via fasteners or tool-less connections) with the
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drive motors optionally positioned substantially over the
respective wheels. The wheel modules can be releasably
attached to the chassis and forced into engagement with the
cleaning surface by springs. The mobile robot 100 may
include a caster wheel (not illustrated) disposed to support a
forward portion of the mobile robot body. body 103. The
mobile robot body 103 supports a power source (e.g., a bat-
tery) for powering any electrical components of the mobile
robot 100. Although specific drive mechanisms are described
above with reference to FIG. 1, any of a variety of drive
mechanisms appropriate to the requirements of specific
mobile robot 100 applications can be utilized in accordance
with embodiments of the invention.

[0103] Referring again to FIG. 1, the mobile robot 100 can
move across the cleaning surface through various combina-
tions of movements relative to three mutually perpendicular
axes defined by the body 103: a transverse axis X, a fore-aft
axis Y, and a central vertical axis Z (not shown). A forward
drive direction along the fore-aft axis Y is designated F
(sometimes referred to hereinafter as “forward”), and an aft
drive direction along the fore-aft axis Y is designated A
(sometimes referred to hereinafter as “rearward”). The trans-
verse axis X extends between a right side R and a left side L
of the robot substantially along an axis defined by center
points of the wheel modules.

[0104] Inmany embodiments, a forward portion 105 of the
body 103 carries a bumper 115, which can be utilized to detect
(e.g., via one or more electromechanical sensors) events
including (but not limited to) collision with obstacles in a
drive path of the mobile robot 100. Depending upon the
behavioral programming of the mobile robot 100, it may
respond to events (e.g., obstacles, walls) detected by the
bumper 115 by controlling the wheel modules to maneuver
the robot in response to the event (e.g., away from an
obstacle). The bumper 115 may also include a machine vision
sensor system 120 that includes one or more cameras 125
(e.g., standard cameras, volumetric point cloud imaging cam-
eras, three-dimensional (3D) imaging cameras, cameras with
depth map sensors, visible light cameras and/or infrared cam-
eras) that capture images of the surrounding environment. In
some embodiments, the machine vision sensor system 120
captures images of the environment that corresponds to the
current driving direction of the mobile robot 100 and if the
mobile robot 100 maintains its driving direction, the mobile
robot 100 may traverse regions of the environment that are
depicted within the captured image.

[0105] The images captured by the machine vision sensor
system 120 are analyzed by one or more classifiers and the
outputs of the classifiers are used to make intelligent deci-
sions about actions to take based on the operating environ-
ment. The captured images may also be used to generate
additional annotated image data for retraining the one or more
classifiers and/or performing classification. While the camera
125 of the machine vision sensor system 120 is described
herein as being arranged on the front bumper 115, the camera
125 can additionally or alternatively be arranged at any of
various different positions on the mobile robot 100, including
on the top, bottom, or at different locations along the sides of
the mobile robot 100.

[0106] Inadditiontothe machine vision sensor system 120,
a mobile robot 100 may include different types of sensor
systems in order to achieve reliable and robust autonomous
movement. The additional sensor systems may be used in
conjunction with one another to create a perception of the
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environment sufficient to allow the mobile robot 100 to make
intelligent decisions about actions to take in that environ-
ment. The various sensor systems may include one or more
types of sensors supported by the robot body 103 including,
but not limited to, obstacle detection obstacle avoidance
(ODOA) sensors, communication sensors, navigation sen-
sors, range finding sensors, proximity sensors, contact sen-
sors, sonar, radar, LIDAR (Light Detection And Ranging,
which can entail optical remote sensing that measures prop-
erties of scattered light to find range and/or other information
of a distant target), and/or LADAR (Laser Detection and
Ranging). In some implementations, the sensor system
includes ranging sonar sensors, proximity cliff detectors,
contact sensors, a laser scanner, and/or an imaging sonar.

[0107] There are several challenges involved in placing
sensors on a robotics platform. First, the sensors are typically
placed such that they have maximum coverage of areas of
interest around the mobile robot 100. Second, the sensors are
typically placed in such a way that the robot itself causes an
absolute minimum of occlusion to the sensors; in essence, the
sensors should not be placed such that they are blinded by the
robot itself and prevented from functioning. Third, the place-
ment and mounting of the sensors should not be intrusive to
the rest of the industrial design of the platform. In terms of
aesthetics, it can be assumed that a robot with sensors
mounted inconspicuously is more attractive than otherwise,
therefore in this robot 100, the sensors are placed inconspicu-
ously under the decorative cover plate on the top surface of
the robot 100 or behind the bumper 115. In terms of utility,
sensors are mounted in a manner so as not to interfere with
normal robot operation (e.g., snagging on obstacles).

[0108] FIG. 2 illustrates a perspective rear view of the same
mobile robot 100 illustrated in FIG. 1. As illustrated, a user
interface 130 is disposed on a top portion of the body 103 and
can be used to receive one or more user commands and/or
display a status of the mobile robot 100. The user interface
130 is in communication with the robot controller carried by
the robot such that one or more commands received by the
user interface can initiate execution of a cleaning routine by
the robot.

[0109] Although various mobile robot 100 architectures
that utilize machine vision sensor systems and additional
sensors to collect ground truth data are described above with
reference to FIG. 1 and FIG. 2, any of a variety of mobile
robots 100 can be constructed that utilize machine vision
sensor systems and additional sensors to collect ground truth
data in configurations appropriate to the requirements of spe-
cific applications in accordance with embodiments of the
invention.

Use of Classifiers in Determining Mobile Robot Behavior

[0110] The behavior of a mobile robot 100 is typically
selected from a number of behaviors based upon the charac-
teristics of the surrounding operating environment and/or the
state of the mobile robot 100. In many embodiments, charac-
teristics of the environment may be ascertained from images
captured by a machine vision sensor system. Captured images
can be analyzed using one or more classifiers that can be used
to identity features of the images such as (but not limited to)
the locations of floors and/or obstacles. In many embodi-
ments, classifiers are trained using supervised machine learn-
ing techniques utilizing training data collected from the oper-
ating environment of the mobile robot 100. In several
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embodiments, the classifiers utilize annotated images and/or
features of annotated images during the classification pro-
cess.

[0111] A mobile robot 100 controller that can be used to
acquire images using a machine vision sensor system and
train one or more classifiers in accordance with an embodi-
ment of the invention is illustrated in FIG. 3. The robot con-
troller 305 includes a processor 310 in communication with a
memory 325 and an input/output interface 320. The processor
can be a single microprocessor, multiple microprocessors, a
many-core processor, a microcontroller, and/or any other
general purpose computing system that can be configured by
software and/or firmware. The memory 325 contains a behav-
ior control application 330. The behavioral control applica-
tion 330 controls the actuation of different behaviors of the
mobile robot 100 based on the surrounding environment and
the state of the mobile robot 100.

[0112] Inthe illustrated embodiment, the memory 325 also
includes an image buffer 340 that stores images captured by
the machine vision sensor system of the mobile robot 100. In
some implementations, the image buffer 340 is a circular
buffer of fixed size that operates in a first in first out (FIFO)
manner. In this way, when a new image is added to the image
buffer 340, the oldest image is purged from the image buffer.
In other embodiments, any of a variety of techniques for
temporarily storing accumulated images captured by the
machine vision sensor system of a mobile robot 100 can be
utilized in accordance with embodiments of the invention. In
many implementations, there may be metadata associated
with the images in the image buffer 340. Examples of meta-
data that may be associated with an image include, but are not
limited to, the pose of the mobile robot 100 when the image
was captured, a depth map associated with the image, and/or
a time that the image was captured.

[0113] In the illustrated embodiment, the floor dataset 350
includes portions of images, a patch of pixels for example
represented in an image by a patch of color or texture, that
have been annotated as corresponding to floors and the non-
floor dataset 360 includes portions of images that have been
annotated as corresponding to non-floor. The non-floor
dataset 360 may include patches of pixels determined to be
non-traversable floor, such as a spot on a floor occupied by an
obstacle. As can readily be appreciated, any of a variety of
annotated datasets can be maintained on a mobile robot 100 as
appropriate to the requirements of specific applications in
accordance with embodiments of the invention. In some
embodiments, the training datasets 350 and 360 may be
seeded with portions of images that are not specific to the
environment in which the mobile robot 100 is operating. As
described below under the section “Training a Classifier
Using Training Data Generated by a Mobile Robot,” in sev-
eral embodiments, training datasets may be continuously
updated with new annotated data that is generated as the robot
100 navigates within its operating environment. In other
embodiments, the datasets are entirely generated from
images captured by the mobile robot 100 as it navigates an
operating environment.

[0114] As noted above, the annotated datasets can be uti-
lized to train classifiers using machine learning processes. In
several embodiments, the classifiers are support vector
machines. In other embodiments, any of a variety of super-
vised machine learning techniques can be utilized to con-
struct a classifier capable of detecting and/or recognizing the
presence and/or absence of specific characteristics within
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images. While much of the discussion that follows assumes
that a supervised machine learning process is utilized in the
generation of a classifier, in a number of embodiments simple
classifiers are constructed using annotated images as tem-
plates and feature matching can be performed between the
templates and newly acquired images to determine the char-
acteristics of the newly acquired images based upon template
similarity. In certain embodiments, features are extracted
from a newly acquired image and the features are compared to
features of a set of annotated template images using a nearest-
neighbor classifier. The closest image can be identified in one
or more annotated datasets (note the datasets are used here for
classification and not training) and a comparison performed
between the features of the newly acquired image and the
closest template image. Any of a variety of features can be
utilized in performing the comparison including (but not lim-
ited to) 2D features, 3D features, features identified using
Scale-invariant Feature Transform (SIFT) descriptors, fea-
tures identified using a Speeded Up Robust Features (SURF)
descriptors, and/or features identified using a Binary Robust
Independent Elementary Features (BRIEF) descriptors. A
positive classification with respect to the annotated charac-
teristics of the template image can be determined based upon
the similarity of the features of the newly acquired image and
the features of the closest template image exceeding a prede-
termined threshold. In view of the ability of mobile robots 100
in accordance with embodiments of the invention to utilize
classifiers including (but not limited to) support vector
machines, and nearest-neighbor classifiers, it should be
appreciated that any classification approach can be utilized in
which the classifier utilizes images acquired from within the
operating environment for which ground truth is determined
by the mobile robot 100 for training and/or classification in
accordance with embodiments of the invention. The resulting
classifier(s) can be described using classifier parameters 370
that specify the manner in which the classifier(s) analyze
captured images.

[0115] Insomeembodiments, as images are analyzed using
classifiers configured using the classifier parameters 370, the
behavioral control application 330 determines how the
mobile robot 100 should behave based on the understanding
of the environment surrounding the mobile robot 100. The
behavioral control application 330 may select from a number
of different behaviors based on the particular characteristics
ofthe environment and/or the state of the robot. The behaviors
may include, but are not limited to, a wall following behavior,
an obstacle avoidance behavior, an escape behavior, and/or a
ground truth acquisition behavior among many other primi-
tive behaviors that may be actuated by the robot.

[0116] In several embodiments, the input/output interface
provides devices such as (but not limited to) sensors with the
ability to communicate with the processor and/or memory. In
other embodiments, the input/output interface provides the
mobile robot 100 with the ability to communicate with
remote computing devices via a wired and/or wireless data
connection. Although various robot controller architectures
are illustrated in FIG. 3, any of a variety of architectures
including architectures where the robot behavioral controller
application is located on disk or some other form of storage
and is loaded into memory at runtime and/or where the robot
behavioral controller application is implemented using a vari-
ety of software, hardware, and/or firmware can be utilized in
the implementation of a robot controller in accordance with
embodiments of the invention. The conceptual operation of
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mobile robots 100 configured by robot controllers in accor-
dance with various embodiments of the invention is discussed
further below.

Mobile Robot Behavioral Control Systems

[0117] Mobile robots in accordance with a number of
embodiments of the invention may include behavioral control
applications used to determine the mobile robot’s 100 behav-
ior based upon the surrounding environment and/or the state
of the mobile robot 100. In many embodiments, the mobile
robot 100 can include one or more behaviors that are activated
by specific sensor inputs and an arbitrator determines which
behaviors should be activated. In many embodiments, sensor
inputs can include images of the environment surrounding the
mobile robot 100 and behaviors can be activated in response
to characteristics of the environment ascertained from one or
more captured images.

[0118] Mobile robot behavioral control applications con-
figured to enable navigation within an environment based
upon information including (but not limited to) classifier
outputs in accordance with many embodiments of the inven-
tion are conceptually illustrated in FIG. 4. The mobile robot
100 behavioral control application 410 can receive informa-
tion regarding its surrounding environment from one or more
sensors 420 (e.g., machine vision sensor system, bump, prox-
imity, wall, stasis, and/or cliff sensors) carried by the mobile
robot 100. The mobile robot 100 behavioral control applica-
tion 410 can control the utilization of robot resources 425
(e.g., the wheels modules) in response to information
received from the sensors 460, causing the mobile robot 100
to actuate behaviors, which may be based on the surrounding
environment. For example, when a mobile robot 100 is used
to clean an environment, the mobile robot 100 behavioral
control application 410 may receive images from a machine
vision sensor system and direct the mobile robot 100 to navi-
gate through the environment while avoiding obstacles and
clutter being detected within the images. The mobile robot
100 behavioral control application 410 can be implemented
using one or more processors in communication with
memory containing non-transitory machine readable instruc-
tions that configure the processor(s) to implement a pro-
grammed behaviors system 430 and a control arbitrator 450.
[0119] The programmed behaviors 430 may include vari-
ous modules that may be used to actuate difterent behaviors
of'the mobile robot 100. In particular, the programmed behav-
iors 430 may include a V-SLAM module 440 and correspond-
ing V-SLLAM database 444, one or more classifiers 441 and a
corresponding training database 445 used to train the classi-
fiers 441, a navigation module 442, and a number of addi-
tional behavior modules 443.

[0120] Inthe illustrated embodiment, the V-SLAM module
440 manages the mapping of the environment in which the
mobile robot 100 operates and the localization of the mobile
robot 100 with respect to the mapping. The V-SLAM module
440 can store data regarding the mapping of the environment
in the V-SLAM database 444. The data may include a map of
the environment and characteristics of different regions of the
map including, for example, regions that contain obstacles,
other regions that contain traversable floor, regions that have
been traversed, regions that have not yet been traversed,
regions with respect to which a ground truth has been estab-
lished, the date and time of the information describing a
specific region, and/or additional information that may be
appropriate to the requirements of a specific application. In
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many instances, the VSLAM database also includes informa-
tion regarding the boundaries of the environment, including
the location of stairs, walls, and/or doors. As can readily be
appreciated, many other types of data may be stored and
utilized by the V-SLAM module 440 in order to map the
operating environment of a mobile robot 100 as appropriate to
the requirements of specific applications in accordance with
embodiments of the invention.

[0121] As noted above, one or more classifiers 441 can be
used to receive sensor information from the sensor system
420 and output information describing the content of the
sensor information that may be used to actuate different
behaviors of the mobile robot 100. In some embodiments, a
classifier 441 receives one or more images from a machine
vision system of the sensor system 420 and outputs informa-
tion describing the content of the one or more images. In
many embodiments, classifiers are utilized that can identify
regions within an image corresponding to traversable floor or
corresponding to obstacles and/or non-traversable floors.

[0122] In many embodiments, the programmed behaviors
include a behavior 443 that causes the mobile robot 100 to
seek out ground truth data for the content of images received
from the machine vision sensor system of the mobile robot
100. By navigating to a region visible in one or more of the
images, the mobile robot 100 can use other sensors to ascer-
tain information concerning the characteristics of the region.
In a number of embodiments, the mobile robot 100 can use
bumper sensors and/or proximity sensors to detect the pres-
ence of an obstacle. In several embodiments, the mobile robot
100 can use a piezoelectric sensor, an accelerometer, IMU,
and/or other sensor that provides information concerning the
motion of the mobile robot 100 to determine whether a region
of floor is traversable. The information acquired by the sen-
sors describing a specific region visible within one or more
images, for example a specific region corresponding to a
group of pixels of similar area and texture perceived by the
robot camera 125, can be used to annotate the one or more
images and the annotated images can be added to the training
database 445 of the classifier. The classifier can then be
retrained. In many embodiments, retraining occurs periodi-
cally and/or upon the accumulation of a certain number of
new images such as 100-200 images. In many embodiments,
the classifier is constantly training such that descriptors are
added to the training database 445 continuously and older
images are deleted. In one embodiment, the floor database
350 and non-floor database 360 each contain 500 descriptors
identifying samples of floor and non-floor, respectively. The
descriptors are, for example, six digit numbers representing a
sample of an image identified as floor or non-floor. In certain
embodiments, the classifier generates a confidence score with
respect to a specific classification and the confidence score
can be utilized in determining whether to pursue a ground
truth seeking behavior. In many embodiments, ground truth
seeking behavior is stimulated in response to classifiers pro-
ducing conflicting conclusions with respect to different
images of the same region of the operating environment of a
mobile robot 100.

[0123] In several embodiments, the classifier may be
trained on a device external to the mobile robot 100, such as
by an external server, and the trained classifier may be down-
loaded to the mobile robot 100 for execution. In particular, in
these embodiments, the training data is stored and gathered
by an external server that may collect training data from one
or multiple mobile robots 100. The cumulative training data
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may then be used to train a classifier that is subsequently
utilized by one or more individual mobile robot 100s to clas-
sify newly captured images acquired from within the mobile
robot 100’s operating environment.

[0124] Inseveral embodiments, the navigation module 442
actuates the manner in which the mobile robot 100 is to
navigate through an environment based on the characteristics
of the environment. The navigation module 442 may direct
the mobile robot 100 to change directions, drive at a certain
speed, drive in a certain manner (e.g., wiggling manner to
scrub floors, a pushing against a wall manner to clean side-
walls, etc.), navigate to a home charging station, and various
other behaviors. Where V-SL.AM data is available, the outputs
of the classifier(s) 441 can be used to annotate maps devel-
oped by the V-SLAM module 440. In addition and/or alter-
natively, the classifier(s) can directly provide input(s) to a
navigation module 442 that can be utilized in motion plan-
ning.

[0125] Other behaviors 430 may also be specified for con-
trolling the behavior of the mobile robot 100. Furthermore, to
make behaviors 440-443 more powerful, it is possible to
chain the output of multiple behaviors together into the input
of another behavior module to provide complex combination
functions. The behaviors 440-443 are intended to implement
manageable portions of the total cognizance of the mobile
robot 100, and, as can be readily appreciated, mobile robots
100 can incorporate any of a variety of behaviors appropriate
to the requirements of specific applications in accordance
with embodiments of the invention.

[0126] Referring again to FIG. 4, the control arbitrator 450
facilitates allowing modules 440-443 of the programmed
behaviors 430 to each control the mobile robot 100 without
needing to know about any other applications. In other words,
the control arbitrator 450 provides a simple prioritized con-
trol mechanism between the programmed behaviors 430 and
resources 425 of the robot. The control arbitrator 450 may
access behaviors 440-443 of the programmed behaviors 430
and control access to the robot resources 460 among the
behaviors 441-443 at run-time. The control arbitrator 450
determines which module 440-443 has control of the robot
resources 460 as required by that module (e.g. a priority
hierarchy among the modules). Behaviors 440-443 can start
and stop dynamically and run completely independently of
each other. The programmed behaviors 430 also allow for
complex behaviors that can be combined together to assist
each other.

[0127] Inmany embodiments, the robot resources 460 may
be a network of functional modules (e.g., actuators, drive
systems, and groups thereof) with one or more hardware
controllers. The commands of the control arbiter 450 are
typically specific to the resource to carry out a given action.

[0128] Although specific robot controllers and behavioral
control applications are described above with respect to
FIGS. 1-4, any of a variety of robot controllers can be utilized
including controllers that do not rely upon a behavioral based
control paradigm as appropriate to the requirements of spe-
cific applications in accordance with embodiments of the
invention. The training of one or more classifiers using train-
ing data acquired by one or more mobile robots 100 in accor-
dance with various embodiments of the invention is discussed
further below.

26



US 2016/0167226 Al

Training a Classifier Using Training Data Generated by a
Mobile Robot

[0129] Mobilerobots that utilize supervised machine learn-
ing to classify images captured by machine vision sensor
systems may use ground truth training data to train the one or
more classifiers. The ground truth training data may be col-
lected using various mechanisms, including being pre-loaded
prior to a mobile robot’s 100 operations and/or collected
during navigation of the mobile robot 100 through an oper-
ating environment. As can be readily appreciated, by training
one or more classifiers using training data specific to the
operating environment of the mobile robot 100, the classifier
may be able to increase the accuracy by which the one or more
classifiers are able to classify images. Classification of
images can be useful for the purpose of detecting obstacles
and determining whether floor/terrain is navigable. However,
classifiers can be utilized for any of a variety of purposes
including (but not limited to) face detection, face recognition,
object detection, and/or object recognition.

[0130] A process for training one or more classifiers using
training data acquired during exploration of an operating
environment by a mobile robot 100 in accordance with an
embodiment of the invention is conceptually illustrated in
FIG. 5. The process 500 optionally involves collecting (505)
a set of training data. In the illustrated embodiment, the train-
ing data is shown as including floor and non-floor datasets. In
other embodiments, any of a variety of training data can be
provided as appropriate to the requirements of specifications.
This training data may include pre-loaded training data that is
not specific to the operating environment of the mobile robot
100. For example, a manufacturer of the mobile robot 100
may pre-load training data of various annotated images.
These images may have been collected, for example, by a
source external to the mobile robot 100 and loaded during a
manufacturing stage of the mobile robot 100. The ground
truth regarding the training data may have been established
using, for example, a human classifier. In some embodiments,
the ground truth may have been established using other tech-
niques, including using automated computer recognition. The
training datasets may include numerous images (e.g., thou-
sands to millions of images) that have been annotated as
corresponding to characteristics including (but not limited to)
regions corresponding to floors and/or obstacles (e.g., the
ground truth regarding the image).

[0131] One or more classifiers are (optionally) trained
(510) using supervised machine learning techniques (510)
similar to those described above. The training process can
attempt to define a process or transformation that is able to
map a set of inputs, such as a combination of sensor inputs
including a camera sensor 125 and a bumper sensor 115,t0 a
corresponding set of classification outputs, such as a patch of
pixels captured by the camera sensor 125 and corresponding
to floor and non-floor as determined by the bumper sensor
115. For example, if the input is an image that contains an
obstacle at a particular location, the classifier should be able
to correctly output a determination that an obstacle exists at
the particular location within the image and thus provide an
output that matches the ground truth of the image. In a num-
ber of embodiments, the machine learning process verifies
that the outputs of the classifier match the ground truths of the
inputs. The machine learning process may continuously iter-
ate through the training data until the one or more classifiers
are able to correctly classify images in the training datasets
with a predetermined level of certainty. For example, after a
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classifier has been able to accurately classify a certain thresh-
old percentage (e.g., 90%, 99.9%, etc.) of the training data,
the training of the classifiers may be stopped since the clas-
sifiers are now able to achieve a certain requisite level of
accuracy with respect to the training datasets. As is discussed
further below, the mobile robot 100 can retrain the classifiers
in response to detection of unexpected events. An unexpected
event may be, for example, the robot bumper 115 registering
a collision when no pixel patch of interest was being tracked
in a series of image frames produced by the camera sensor
125. In this way, the performance of the classifier within the
mobile robot 100°s operating environment can be improved
over time.

[0132] The process 500 initiates (515) the classifier on the
mobile robot 100. During navigation, one or more images of
the surrounding environment are captured (520). In many
embodiments, a machine vision sensor system is used to
obtain the images. The machine vision sensor system may
include one or more cameras configured to capture scenes of
the environment that are directly in the driving path of the
mobile robot 100. In other embodiments, cameras may be
placed in other configurations, such as mounted on top of the
mobile robot 100 and the lenses may be positioned at various
angles that enable that mobile robot 100 to capture a view of
the driving path directly in front of the mobile robot 100. In
some embodiments, the lens of the camera may be a wide
angle or fish-eye type lens that may capture a larger portion of
the periphery scenery along the sides, top and bottom of the
mobile robot 100 as well the scenes directly in front of the
mobile robot 100. The cameras may also be placed along the
sides, top, and/or bottom of the mobile robot 100 in order to
obtain other views of the surrounding environment.

[0133] The process 500 analyzes the image frames in order
detect the characteristics of the surrounding environment. In
some embodiments, for a particular image frame being ana-
lyzed, the process may (optionally) initially identify the hori-
zon in the captured image and disregard the portions of the
image above the horizon (525). By detecting a horizon, the
process 500 may be able to automatically disregard all of the
portions of the image that lie above the horizon, since these
portions likely correspond to non-floor image data (e.g.,
walls, ceilings, and/or tables). This automatic disregard
depends in part on the size of a room and the distance from
which the robot 100 is taking an image. In smaller rooms, the
portions of a frame above the image horizon will include
more non-floor in every frame than in larger rooms when the
robot 100 is backed away from the non-floor area by a longer
distance. In some embodiments, the process assumes that the
environment is a room in which no obstacle is more than 50
feet from the robot at any pose within the environment. When
amobile robot 100 is 50 feet from a non-floor image patch, the
image patch may be above or below the horizon and no
automatic disregard is possible for that particular patch. In
other instances, any of a variety of processes can be utilized to
disregard portions of frames as appropriate to the require-
ments of specific applications. By disregarding portions of
the image, the process 500 is able to reduce the amount of
image processing performed when analyzing images in order
to detect obstacles and/or traversable floors. Other embodi-
ments analyze the entire captured image, including portions
of the image that lie above the horizon. For example, many
embodiments of the invention utilize the portions of the
image above the horizon in VSLAM processing.
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[0134] Different techniques may be used to determine the
location of a horizon in an image. Some embodiments may
apply edge detection techniques that identify the presence of
edges within an image. By detecting edges within an image,
an edge may correspond to, for example, a location at which
a wall and floor come together within the image. Typically, a
horizon in an image is a straight line across the image, and
edge detection techniques may be used to detect such edges
within an image. In several embodiments, the horizon seen by
the camera sensor 125 in an image frame is a location other
than a wall to floor intersection depending on the distance of
the robot 100 from the wall. In many embodiments, horizon
detection processes utilize optical flow to track a horizon
from one frame to the next as a mobile robot 100 moves to
further refine horizon detection. Based on the detected hori-
zon, one or more classifiers can be applied (530) to the image
to identify the portions of the image, below the identified
horizon, that correspond to traversable floor and/or the por-
tions of the image that contain obstacles. In many embodi-
ments, the process may also determine the location of
obstacles relative to the position of the mobile robot 100. In
particular, in some embodiments, the process may generate
depth information regarding the locations of obstacles and
floors within a captured image relative to the position of the
mobile robot 100.

[0135] Basedonthe characteristics of the surrounding envi-
ronment ascertained from one or more captured images, a
robot behavior is determined (535). For example, if an
obstacle is detected in the immediate path of the mobile robot
100, then the actuated behavior changes driving directions in
order to avoid contact with the obstacle. Likewise, if travers-
able floor is detected in the immediate driving path of the
mobile robot 100, then the mobile robot 100 actuates a behav-
ior to drive while maintaining its current heading. Many
possible behaviors may be actuated based on the characteris-
tics of the surrounding environment and/or the state of the
mobile robot 100.

[0136] During the actuation of a particular behavior, the
mobile robot 100 may have a certain set of expectations
regarding its surrounding environment based upon output(s)
provided by the one or more classifiers. As can readily be
appreciated, classifiers utilized in accordance with many
embodiments of the invention can generate erroneous outputs
that do not correspond to the ground truth of the environment.
As a mobile robot 100 moves through its operating environ-
ment, the mobile robot 100 can collect ground truth informa-
tion concerning its environment using its sensors. When an
unexpected event occurs (540) involving the detection of a
ground truth for a particular region that does not correspond
with information generated by a classifier based upon an
image of the region, the mobile robot 100 can retrieve (545)
one or more images from an image buffer and annotate incor-
rectly classified image(s) and or image portion(s) and add the
annotated image(s) and/or image portion(s) to an appropriate
training dataset. The updated training dataset can then be
utilized in the retraining (550) of the classifier that incorrectly
classified the image portion. By way of example, if a classifier
indicates that traversable floor is directly in front of a mobile
robot’s 100 driving path, then the mobile robot 100 may drive
under the assumption that it will not collide with any
obstacles. In this state of operation, detecting, for example, a
sensor bump would be an “unexpected event.” The mobile
robot 100 can retrieve the incorrectly classified image and
determine a portion of the image corresponding to the dis-
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tance at which the bump was detected. The annotated image
can then be added to an non-floor training dataset 360 and
used to retrain the classifier used to detect the presence of
traversable floor.

[0137] FIGS. 10A-14B show examples of training a clas-
sifier for distinguishing traversable floor and non-traversable,
non-floor using an image sensor 125, such as a downward
tilted camera that has the space ahead of the robot in its field
of view, and a bump sensor 115 (herein also called “bumper
115”") on a mobile robot 100, such as the mobile robot 100 of
FIGS. 1 and 2. The camera 125 equipped robot 100 uses
machine learning to learn what is traversable floor and what is
non-traversable non-floor by identifying patches of colors
and textures in image frames stored in a buffer and catego-
rizing those identified colors and textures associated with
traversed space as floor F and those identified colors and
textures associated with non-traversable space as non-floor
NF. As mentioned above, in some embodiments, the mobile
robot 100 is selectively in training mode (e.g. training the
classifier), and in other embodiments, the mobile robot 100 is
continuously in training. During continuous training mode,
the machine learning processes are continuously training
classifiers and classifying portions of images based on mobile
robot 100 movements and events that indicate whether
patches of pixels are associated with traversable floor F or
non-traversable non-floor NF.

[0138] In one embodiment, while operating in training
mode, the mobile robot 100 tracks pixel patches representing
potentially interesting areas for classification and buffers
images in a storage buffer so that the tracked patches are
either classified as floor F or non-floor NF depending on
whether the mobile robot 100 traverses the patch or detects an
object with a proximity sensor, bump sensor, cliff sensor or
any other visual or mechanical obstacle detection sensor. In
one implementation, the “objects” tracked by the mobile
robot 100 are patches of pixels distinguished by color and/or
texture from the surroundings, and the robot 100 determines,
based on the presence or absence of triggering of the bumper
115, whether those patches belong to the traversable floor
group of colors and/or textures or the non-traversable, non-
floor group. In several embodiments, the robot 100 updates
the classifier even when not tracking a patch of pixels that
might be part of the non-traversable floor (e.g. obstacle)
group.

[0139] The robot movement case scenarios of FIGS. 10A-
10F and the flowcharts of FIGS. 11-14B demonstrate
embodiments of different classifier training scenarios of how
the mobile robot 100 can learn to distinguish pixel data rep-
resenting floor F from pixel data representing non-floor NF
and accordingly store this classified data in either the trainer
Floor Dataset 350 or the trainer Obstacle (non-floor) Dataset
360. The term horizon H is used in the flowcharts of FIGS.
11-13B to mean exactly what horizon means—a horizontal
line in the distance where a top region of an image frame
meets a bottom region of an image frame, much like a human
eye perceives a horizon H where sky meets earth. So, in other
words, the camera 125 on the mobile robot 100 will typically
see a horizon H provided that the mobile robot is operating in
an environment in which a horizon is visible. With a down-
ward tilted camera in a large space, a horizon may not always
be visible within the field of view of the camera 125 of the
mobile robot 100. The top of an image frame above the
horizon H is non-floor for a standard sized room, or a room
less than 50 feet in length, and the portion of the imagine
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frame below the horizon H contains patches of pixels that
may be floor or non-floor. For example, an image frame taken
while the robot 100 is within inches of a wall will include wall
below and above the horizon H in the image frame, and the
robot 100 will need to learn that a sample of pixels is floor F
ornon-floor NF based on sensor events and/or comparisons to
base images taken earlier at distances further from the wall
that included identified traversable floor F space. As the robot
100 approaches potential obstacles, algorithms update the
classifier trainer datasets 350, 360 depending on events, such
as a robot bump sensor triggering and indicating collision
with an obstacle, the location of which is non-traversable
floor NF.

[0140] Once trained, the classifier enables the robot 100 to
avoid a collision with a seen real obstacle. As depicted in the
sequential boxes of FIG. 10A that show a sequential series of
robot poses, a mobile robot 100 moves toward a real obstacle
1005 seen by the camera 125 in boxes 1001 and 1002, and
avoids collision by reversing direction in box 1003 and mov-
ing away from the obstacle 1005 as shown in box 1004.

[0141] As depicted in the embodiment of FIGS. 10C and
11, the classifier includes a false negative trainer algorithm
1100 that identifies false traversable space upon collision
with an unexpected obstacle 1015. When an unexpected col-
lision occurs, the false negative trainer algorithm 1100 looks
back a few frames in the image buffer and classifies pixel
samples from above and below the horizon H to identify
non-traversable space, or obstacle, non-floor NF samples and
traversable floor F samples.

[0142] As indicated in the embodiment of FIGS. 10C, 11A
and 11B, the robot 100 is traveling along and not tracking any
interesting pixel samples, such as colored blobs or patterns,
that might represent obstacles. The mobile robot 100 is not
expecting to hit a non-floor NF, non-traversable obstacle
1015. If the mobile robot 100 does not hit an obstacle and
register S1105 a bumper hit, the false negative trainer algo-
rithm 1100 returns S1130 to the start, and no descriptors are
added to the Trainer Floor dataset 350 or Trainer Non-Floor
dataset 360. If the robot 100 registers S1105 a bumper hit, the
algorithm 1100 checks S1110 whether the robot 100 is driv-
ing straight and then fetches S1115 the pre-collision image
frame 1101 from the image buffer. The pre-collision image
frame 1101 is the frame taken immediately before the current
pose of the robot 100. The algorithm samples S1120 the
pre-collision image frame above the horizon H to identify a
pixel sample that is definitely non-floor NF and below the
horizon H that is definite representative of floor F because the
frame was taken pre-collision. Because an obstacle can
extend down below the horizon for a substantial distance in an
image frame, the floor F sample is taken from the very bottom
of the pre-collision frame to insure that the pixel sample is
representative of true floor F. The false negative trainer algo-
rithm 1100 adds S1125 descriptors to the trainer Floor and
Non-Floor datasets before returning S1130 to an initial state.
The descriptors added to the Floor dataset 350 and Non-Floor
dataset 360 may be a set of numbers or other databits or
metadata that identify sampled patches of images as travers-
able space F and non-traversable space NF. In one embodi-
ment, a descriptor is a series of 6 numbers, and the Floor
dataset 350 and the Non-Floor dataset 360 each retain up to
500 examples of floor F and 500 examples of non-floor
obstacles NF, respectively. The false negative trainer algo-
rithm 1100 uses a circular buffer to collect potential training
data descriptors while deciding whether to classify the
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descriptors as floor F or non-floor NF data in the classifier
trainer datasets 350, 360. New data is constantly coming into
the buffer and unclassified descriptors are relinquished. In
embodiments, the buffer is large enough and holds enough
data to prevent erroneous, false negative classifications. The
larger the buffer, the less likely false negatives will be trained
into the classifier, and the classifier data will be more accu-
rate.

[0143] The false negative training process 1100 and other
training algorithms reply upon determining that the robot 100
is driving straight and toward a location captured in one or
more buffered image frames. The flowcharts of FIGS. 11 and
13A-14B use the driving straight routine 1200 of FIG. 12 to
determine whether the robot 100 is driving straight. This
driving straight algorithm 1200 determines if the robot 100
has been holding its heading within an allowable tolerance
range for at least the last one second. The algorithm 1200
starts by determining S1205 whether the heading of the robot
100 has changed. If the heading has changed, the algorithm
resets S1225 the timer and stores S1230 the new heading of
the mobile robot 100 before returning 1220 to the start of the
algorithm 1200. Ifthe heading has not changed, the algorithm
determines S1210 if the heading has been maintained for at
least one second. If the heading is maintained for at least one
second, the algorithm sets S1215 a “driving straight” flag. If
the heading is not maintained for at least one second, the
algorithm returns S1220 to the start to check S1205 again
whether the robot 100 is currently maintaining a heading.
[0144] In several embodiments, this driving straight algo-
rithm 1200 is used as an input into the various training pro-
cesses because training on images from the past is reliable
only if the heading of the moving robot 100 is constant. This
requirement greatly simplifies the correlation between robot
pose and camera image. In a number of embodiments, how-
ever, in which the mobile robot 100 has a reliable localization
technique for correlating robot pose with camera image, such
as VSLAM, executing the driving straight algorithm 1200 is
not necessary for executing training algorithms.

[0145] As depicted in the embodiment of FIGS. 13A-13C,
the classifier includes a true negative trainer algorithm 1300
that identifies patches of a frame that represent truly travers-
able floor. As the robot 100 drives in an unimpeded straight
line, or a heading that wavers by less than plus or minus 3 cm,
the algorithm 1300 looks back at a base image 1301 taken by
the camera 125 when the current heading of the robot 100 was
first established. From that base image, the true negative
trainer algorithm 1300 samples S1325 some floor F pixel
patches at the distance into the image corresponding to the
current location of the robot 100. The true negative trainer
algorithm 1300 also samples S1330 obstacle data by looking
above the horizon in an image taken at the current position of
the robot 100 and classifying a pixel patch at the top of the
frame as non-traversable, non-floor NF.

[0146] The embodiment of FIG. 13 A provides a routine for
the true negative trainer algorithm 1300. The robot is travel-
ing S1305 and driving along a straight heading. The true
negative trainer algorithm 1300 checks S1310 whether the
heading has changed. If the heading has changed, the true
negative trainer algorithm 1300 stores S1340 a new base
pose, stores S1345 the current frame in the index buffer as the
“base image” and then returns S1335 to the start of the true
negative trainer algorithm 1300. Each time the heading of the
moving robot 100 changes, the true negative trainer algorithm
1300 resets the image buffer as the base image. If the robot
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heading does not change, the true negative trainer algorithm
1300 looks 1315 at the distance “d” the robot 100 has moved
since the image buffer was last initialized, where d equals the
current pose of the robot 100 minus the base pose. The true
negative trainer algorithm 1300 considers, based on a thresh-
old for “d”, whether the robot 100 has moved enough since
the last sample and therefor is ready to sample S1320. For
example, in embodiments, the threshold distance d the robot
may need to move before the true negative trainer algorithm
1300 samples an image may be at least 0.5-12 inches. If the
robot 100 is not ready to sample, the algorithm 1300 returns
S1335 to the start. Ifthe robot 100 has moved enough, the true
negative trainer algorithm 1300 is ready to sample. As
depicted in FIGS. 13A and 13B, the true negative trainer
algorithm 1300 samples S1325 patches of floor F at a distance
“d” in the base image 1301. The trainer, therefore, is classi-
fying that space travelled over by the robot 100 as traversable
floor F and thereby reinforcing what is a floor F sample. As
depicted in FIGS. 13A and 13C, the robot 100 also samples
S1330 objects above the horizon in the current image 1302,
reinforcing in the trained dataset the classifier for a non-floor
NF sample.

[0147] The embodiment of FIGS. 14A-14B provides a rou-
tine for the false positive trainer algorithm 1400 that
addresses the detection of an assumed obstacle that doesn’t
really exist and an optimization routine 1401 for tracking the
closest perceived obstacle.

[0148] As depicted in FIGS. 10F and 14A, while driving,
the robot 100 keeps track S1405 of one or more patches of an
image, such as a patch in an image that contains the nearest
perceived obstacle 1030 and a patch that contains the next
nearest seen obstacle 1035. If the belief changes because the
robot 100 perceives that the obstacle 1030 disappeared, then
the patch in question will be entered into the Trainer Floor
dataset 350 as floor training data once the robot 100 has
reached the spot on the floor F corresponding to the patch
where the nearest perceived obstacle 1030 would have been
and has detected no obstacle via collision induced bump
sensing or proximity detection with time of flight or struc-
tured light optical sensing. In FIG. 10F, in the first box 1026,
the robot 100 perceives a close obstacle 1030. In the next box
1027, the robot 1000 perceives the next nearest seen obstacle
1035 and no longer perceives the nearest perceived obstacle
1030, as depicted in box 1028. The false positive trainer
algorithm 1400 adds a false positive to the classifier data
before the robot 100 tracks the next nearest seen obstacle
1035.

[0149] FIGS. 10B, and 10D-10F further exemplify false
positive scenarios. In FIG. 10B, the robot 100 perceives a
false obstacle 1010 in the first box 1006. In the second box
1007, the robot 100 reaches the patch occupied by the false
obstacle 1010. In the third box 1008, the robot 100 moves
beyond the patch occupied by the perceived obstacle 1010,
and the algorithm 1400 determines that the robot 100 has
falsely detected an obstacle and adds false positive data rep-
resentative of the appearance of the falsely perceived obstacle
1010 to the classifier training data for the Trainer Floor
dataset 350.

[0150] InFIG. 10D, the robot 100 thinks it sees an obstacle
1020 from a distance in the first sequential box 1016, but in
the second box 1017 and third box 1018, the obstacle 1020
disappears. The false positive trainer algorithm 1400 deter-
mines that the robot 100 has falsely detected an obstacle and
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adds false positive data representative of the appearance of
the falsely perceived obstacle 1020 to the classifier training
data.

[0151] In FIG. 10E, much like FIG. 10B, the robot 100
perceives a false obstacle 1025 in the first box 1021, but stops
perceiving this false obstacle 1025 in the second sequential
box 1022. The perceived obstacle 1025 is perceived again in
the third box 1023. In the fourth sequential box 1024, the
robot 100 moves beyond the patch occupied by the perceived
obstacle 1025. The false positive trainer algorithm 1400
determines that the robot 100 has falsely detected an obstacle
and adds false positive data representative of the appearance
of the false obstacle 1025 to the classifier training data. This
false obstacle could be, for example, one or more patches of
sunlight moving across the floor.

[0152] Returningto FIG. 14A depicting an implementation
of the false positive trainer algorithm 1400, the robot 100 is
traveling along tracking S1405 an obstacle. For example, the
robot 100 might be keeping an eye on a spot of interest, like a
big green blob representing a perceived obstacle patch in an
image frame. The false positive trainer algorithm 1400 deter-
mines S1410 the distance to the perceived obstacle corre-
sponding to the expected change in a wheel encoder, and
determines whether the robot 100 has reached the location of
the supposed obstacle patch based on the calculated distance
to the obstacle being less than zero. The false positive trainer
algorithm 1400 first determines S1410 whether the encoder
change is equal to the distance to the obstacle to see if the
robot has arrived at the obstacle patch location and then
determines S1415 whether that distance plus a margin is less
than zero. Ifthe distance traveled to the obstacle plus a margin
is less than zero, this indicates that the robot 100 has driven
through the supposed obstacle and that the interesting patch
that the robot 100 was tracking represents traversable floor F.
This creates more new training data for what is a false
obstacle, and the algorithm adds S1420 descriptors to the
Trainer Floor Dataset 350.

[0153] The algorithm then resets S1425 the tracker, erasing
obstacle tracking, and determines S1430 whether the robot
100 is experiencing a big heading change. If the robot senses
a big heading change, the false positive trainer algorithm
1400 resets S1435 the tracker, indicating that the robot 100 is
not tracking anything of interest. If the tracker is reset or if the
robot 100 does not sense a big heading change, the algorithm
1400 determines S1440 whether a perceived obstacle cur-
rently exists in the path of the robot 100. If no obstacle is
perceived, the algorithm returns S1445 to the start.

[0154] In one embodiment, if more than one perceived
obstacle appears along the heading of the robot 100, the
optimization routing 1401 resets tracking and ensures that the
robot 100 is tracking S1440 the closest perceived obstacle.
The optimization routine 1401 checks S1450 whether a newly
perceived obstacle is closer to the robot 100 than a perceived
obstacle that the system is currently tracking. If the perceived
obstacle is the closest perceived obstacle to the robot 100,
then the tracker resets 1455 to register that the robot 100 is not
tracking an obstacle. The optimization routine 1401 stores
S1460 the heading ofthe robot 100, and stores S1465 distance
to the nearest obstacle. At step 1470, the optimization routine
1401 buffers descriptors of the perceived obstacles, namely
the nearest perceived obstacle. The buffered descriptor or
descriptors are the proposed new training data for the Trainer
Floor Dataset 350. The optimization routine 1401 sets S1475
the obstacle tracker TRUE, because a perceived obstacle is
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now being tracked, namely the obstacle nearest to the robot
100 along the heading of the robot. The optimization routine
1401 therefore ignores obstacles far away from the robot 100
and tracks the nearest perceived obstacle.

[0155] By continuously updating the training datasets, the
process is able to provide better training data for use in super-
vised machine learning process used to train the classifier(s).
Furthermore, as can be readily appreciated, updating the
training data with images from the actual operating environ-
ment may help increase the accuracy of the classifiers. In
several embodiments, the classifiers may be retrained on a
periodic basis, such as at a certain times of day, or during
periods when the mobile robot 100 is in a particular state (e.g.,
mobile robot 100 is docked at a charging station, mobile robot
100 is connected to an electric power source, and/or the
mobile robot 100 has sufficient processing resources avail-
able). In some embodiments, training of the one or more
classifiers may be automatically triggered anytime an update
to the training datasets is made. In several embodiments, the
updated datasets may be provided to an external computing
device via a network data connection and one or more clas-
sifiers may also be trained remotely and provided to the
mobile robot 100 via the network data connection. For
example, the mobile robot 100 may utilize an Internet con-
nection to communicate with external servers that handle the
collection of training data and the training of the classifiers.
As can readily be appreciated, new classifiers can be trained
by any supervised machine learning system using updated
training data including (but not limited to) supervised
machine learning systems implemented on mobile robot
100s, and/or supervised machine learning systems imple-
mented on remote servers.

[0156] Although specific processes for training classifiers
using training data collected from an environment of amobile
robot 100 are described above with reference to FIG. 5, any of
a variety of processes may be utilized for training classifiers
using training data collected from an environment of amobile
robot 100 as appropriate to the requirements of specific appli-
cations in accordance with embodiments of the invention.
Furthermore, similar processes can be utilized to annotate
portions of images or features extracted from images with
ground truths for use in classifiers that perform classification
based upon examples and/or templates, such as (but not lim-
ited to) nearest-neighbor classifiers. Accordingly, it should be
appreciated that any of a variety of processes for capturing
images, navigating a mobile robot 100 to a region visible
within an image, and annotating an aspect of the image with
ground truth determined using sensors present on the mobile
robot 100 can be utilized as appropriate to the requirements of
specific applications in accordance with embodiments of the
invention. Techniques for collecting training data from an
environment are discussed further below.

Collecting Ground Truth Training Data while Navigating an
Operating Environment

[0157] Mobile robots in accordance with many embodi-
ments of the invention can continuously collect training data
while operating within an environment by capturing images
of different regions and establishing ground truth for portions
of the captured images by exploring the regions and collect-
ing sensor data. As noted above, the annotated images can be
used as training data in a supervised machine learning process
to train a classifier and/or the annotated images could be
directly utilized in a classification process.
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[0158] A process for collecting ground truths with respect
to regions visible within captured images as a mobile robot
100 navigates through an environment is illustrated in FIG. 6.
The process (600) involves obtaining (605) one or more
images via a camera 125 on the mobile robot 100. As
described above, an image may include a view of the envi-
ronment surrounding the mobile robot 100. In some embodi-
ments, the image includes a view of the scene directly in the
path of the mobile robot 100. In other embodiments, the
image and/or other images obtained by the mobile robot 100
may capture views of other portions of the surrounding envi-
ronment.

[0159] Analysis of a captured image can (optionally)
involve detecting (610) a horizon within the captured image.
As described above, the horizon may be detected using vari-
ous techniques, including (but not limited to) preforming
edge detection and/or analyzing an edge map generated using
the captured image. In many embodiments, identification of a
horizon can be verified using sensors that are able to detect the
boundaries of an environment, and thus the horizon may be
detected based on the location of the boundaries relative to the
position of the mobile robot 100.

[0160] Based on the location of the horizon, the process
(600) may automatically annotate the portions of the image
above the horizon as corresponding to non-floor image data
and update the non-floor dataset with this image data (615). In
many embodiments, the process may completely disregard
the portions of the image that lie above the horizon and not use
these portions within the training datasets. In several embodi-
ments, the portion of the image lying above the horizon can be
utilized in other processes, such as (but not limited to)
VSLAM processes.

[0161] In many embodiments, the annotated image por-
tions used by the classifiers and/or in the training of the
classifiers include portions of images that capture views
above or below the horizon. In several embodiments, the
process may separate the image portions into sets including a
set of images portions capturing views above the horizon that
correspond to non-floor image data, a set of image portions
that lie below the horizon that correspond to traversable floor
image data, and a set of image portions that lie below the
horizon that correspond to non-traversable floor (e.g.,
obstacles). In other embodiments, classifiers can use sets of
annotated image portions that contain only image portions
that capture views below the horizon.

[0162] In some embodiments, during image capture, the
mobile robot 100 may annotate the image with various types
of data that may be used when analyzing the images. In some
embodiments, the data may be in the form of metadata asso-
ciated with the image, and can include information that
describes, among other things, the pose of the mobile robot
100 at the time the image was obtained, the time at which the
image was obtained, a depth map of the image, the camera
settings used to obtain the image, and/or various other infor-
mation. This information may then be used when determining
“ground truths” for different portions of the captured image.
As described above, a ground truth defines the characteristics
that are actually present within a portion of a captured image.
In many embodiments, the ground truth establishes a truth
regarding whether a portion of a captured image corresponds
to traversable floor or to non-traversable floor (e.g., floor that
contains an obstacle, a cliff, or a surface that is not traversable
by the mobile robot 100).
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[0163] In order to establish a ground truth for a particular
image, the process may determine whether the mobile robot
100 is currently traversing a region visible in one or more
previously obtained images (625). When the environment
directly in the path of the mobile robot 100 is captured by an
image, then the mobile robot 100 may travel through regions
of'the operating environment corresponding to portions of the
scene visible within the image by maintaining the same (or
similar) driving direction. If the mobile robot 100 camera 125
obtains an image and then changes its direction of travel, then
the mobile robot 100 may not immediately travel through any
portion of the scene visible within the image. In a number of
embodiments, the camera-equipped mobile robot 100 can
maintain a map of the operating environment using a tech-
nique such as (but not limited to) V-SLAM. The mobile robot
100 can associate portions of images with regions of the map.
In this way, the mobile robot 100 can determine image por-
tions corresponding to the ground truth for a particular region
of'the map and annotate the relevant image portions, the robot
map, and any user facing map, such as a map of an environ-
ment showing traversable floor, non-floor and incremental
coverage by the mobile robot 100. In this way, the mobile
robot 100 need not be constrained to only annotating image
portions when the mobile robot 100 captures images and
moves in a straight line. When the process determines that the
robot is not traversing a section of the floor that is visible in
any previously captured image, the process can acquire sen-
sor data that can be utilized to annotate images of the region
subsequently captured by the mobile robot 100 and/or can
obtain (605) one or more new images.

[0164] In some embodiments, a buffer of captured images
is maintained by a mobile robot 100 and portions of images
corresponding to regions traversed by the mobile robot 100
can be retrieved from the image buffer, annotated, and utilized
in the operation and/or training of one or more classifiers. In
many embodiments, the buffer is a first in first out (FIFO)
buffer such that, upon capturing a new image, the oldest
image is purged from the buffer. In embodiments where the
mobile robot 100 does not maintain a map of its operating
environment, the image buffer can be purged anytime the
mobile robot 100 changes driving directions. In other
embodiments, any of a variety of criteria appropriate to the
requirements of specific applications can be utilized to man-
age the images within the image buffer.

[0165] When a determination (625) is made that the mobile
robot 100 is traversing a region of the environment that is
visible in one or more portions of one or more previously
captured images, then a further decision (630) can be made
concerning whether the region of the environment is travers-
able and/or whether an obstacle and/or some other hazard is
present. In particular, one or more of the sensors of the mobile
robot 100 may be used to determine whether the mobile robot
100 is traveling across traversable floor and, when an obstacle
is present, the sensors may establish a ground truth regarding
an actual presence of the obstacle.

[0166] When the process determines that the region of the
environment is traversable (for example, the sensor outputs
received from a bumper sensor and/or a proximity sensor
indicate the absence of obstacles, a piezo sensor indicates that
the mobile robot 100 is traversing a relatively smooth surface,
and/or a drop sensor indicates that the mobile robot 100 is
traversing a relatively level surface), the process may anno-
tate the portions of the previously captured images that cor-
respond to the particular region of the environment success-
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fully traversed by the robot as corresponding to traversable
floor. The newly annotated image(s) and/or image portion(s)
can then be added to a traversable floor dataset and the process
600 can return to determining (635) whether the robot is still
traversing portions of any of the previously captured images
and/or capturing (605) additional images.

[0167] When the process determines (630) that an obstacle
is present and/or that the floor is otherwise non-traversable,
the one or more portions of the one or more captured images
in which the region of the environment is visible can be
annotated as corresponding to the presence of an obstacle
and/or non-traversable floor and added (640) to the Non-
Floor dataset 360. In a number of embodiments, the presence
of an obstacle can be determined (630) using one or more
bumper sensors positioned along the body 103 of the mobile
robot 100. In several embodiments, the process may use
information received from other types of sensors in order to
establish the presence of an obstacle including (but not lim-
ited to) infrared sensors, and/or sonar sensors. The presence
of'non-traversable floor can be detected using sensors such as
(but not limited to) piezo sensors, accelerometers, gyroscopes
and/or cliff sensors. The specific sensors utilized to establish
ground truths are typically dictated by the requirements of
particular mobile robotics applications. Once the image(s)
and/or image portion(s) are annotated and added to data sets,
the process 600 can continue determining grounds truths
(625) and/or acquiring additional images of the operating
environment. Although specific processes for collecting
ground truth corresponding to specific images and/or image
portions during navigation are described above, any of a
variety of processes may be utilized for collecting ground
truth information for annotating images and/or image por-
tions as appropriate to the requirements of specific applica-
tions in accordance with embodiments of the invention.

Using Confidence Scores to Trigger Collection of Ground
Truth Data

[0168] Classifiers utilized by mobile robot 100s in accor-
dance with many embodiments of the invention generate
confidence scores that provide a quantitative measure regard-
ing the likelihood that the classifiers have accurately classi-
fied the content contained within different portions of a cap-
tured image. In several embodiments, the confidence scores
can be utilized to activate a behavior within the mobile robot
100 to attempt to establish ground truths for one or more
portions of an image. A threshold on the confidence score can
be utilized to determine whether a classification is reliable.
When a confidence score indicates a low reliability classifi-
cation of the content of a portion of an image (i.e. the confi-
dence score is below a threshold), then the robot controller
can perform route planning to navigate the mobile robot 100
to the region of the environment corresponding to the unreli-
ably classified image portion and collect ground truth infor-
mation using the mobile robot 100’s sensor system. In this
way, the mobile robot 100 can seek out training data and/or
annotated examples that can be utilized to improve the per-
formance of the classifiers utilized by the mobile robot 100.
[0169] A process for seeking ground truths for portions of
captured images for which a classifier provides classifications
of varying reliability in accordance with embodiments of
invention is illustrated in FIG. 7. The process 700 involves
classifying (705) the content of a captured image using one or
more classifiers. Processes similar to those outlined above
can be utilized to perform the classification. A confidence
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score generated by the one or more classifiers can be analyzed
to determine (710) the reliability of the classification(s). The
manner in which a confidence score is generated typically
depends upon the nature of the classifier utilized to perform
the classification. In many classifiers, classification involves
the use of similarity measure and the computed value of the
similarity measure can form the basis of the confidence score.
Additional factors can also be utilized in determining confi-
dence scores including (but not limited to) a measure of the
distance to the portion of the scene classified by the mobile
robot, the amount of training data available to the mobile
robot, the consistency of the classification with classifications
made in the same region. In several embodiments, the confi-
dence scores may be set on a numerical scale such as a
number between 0 and 1 and a confidence score of 1 would
indicate that the classifier is absolutely (e.g., 100%) certain
with respect to its classification of the portion of image. In
several embodiments, the confidence score can include mul-
tiple confidence metrics. In a number of embodiments, a
threshold is applied to the confidence scores and confidence
scores below the threshold may impact mobile robot 100
behavior. For example, a low confidence output (i.e. a confi-
dence score below a threshold) from a classifier designed to
identify obstacles and/or non-traversable floor may cause a
mobile robot 100 to reduce its speed unnecessarily because it
falsely identifies traversable floor as non-floor. Depending on
the state of the mobile robot 100, the low confidence score
may activate a behavior in which the mobile robot 100 secks
out ground truth with respect to the region of the operating
environment corresponding to the portion of the image pro-
vided as an input to the one or more classifiers. In this way, the
mobile robot 100 may prioritize collecting additional data
used to annotate images for the training and/or improvement
of its classifier(s) over other possible behaviors. When the
process determines (710) that the confidence scores for por-
tions of the captured image are above certain thresholds, the
process completes.

[0170] In the illustrated embodiment, the identification
(710) of a low confidence classification can result in the
actuation (715) of the mobile robot 100 drive mechanism in
order to navigate the mobile robot 100 to the region of the
operating environment corresponding to the portion of the
image provided as an input to the one or more classifiers. The
mobile robot 100 can then utilize its sensors to establish
ground truth for the region and attempt to verify (720) the
original classification. When the classification is confirmed,
the relevant image(s) and/or image portions can be annotated
(730) and added to the appropriate dataset. Similarly, when
the classification is proven to be false, the relevant image(s)
and/or image portions can be annotated (740) and added to the
appropriate dataset.

[0171] Inembodiments where the mobile robot 100 utilizes
annotated images to retrain the classifiers, the addition of the
annotated image(s) and/or image portion(s) to the training
data set can prompt the mobile robot 100 to initiate a process
that retrains (735) the one or more classifiers utilizing the
additional training data. The additional training data can also
be used to retrain (735) the one or more classifiers based upon
a schedule and/or as otherwise determined by the mobile
robot 100.

[0172] Although specific processes for establishing ground
truth and annotating images and/or image portions based
upon confidence scores generated by classifiers are described
above with reference to FIG. 7, any of a variety of processes
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may be utilized for establishing ground truth for captured
images based upon the identification of a need for ground
truth information in order to improve the performance of a
classifier as appropriate to the requirements of specific appli-
cations in accordance with embodiments of the invention.

Mapping the Operating Environment

[0173] In some embodiments, a mobile robot 100 can uti-
lize simultaneous location and mapping (SLAM) techniques
in order to map the environment in which the mobile robot
100 operates. Furthermore, many embodiments supplement
the SLAM techniques with the machine vision sensor system
of the mobile robot 100 in order to generate vision-based
SLAM (V-SLAM) techniques. In V-SLLAM, one or more cam-
eras mounted on the mobile robot 100 obtain images of the
environment surrounding the mobile robot 100 as the mobile
robot 100 navigates through the environment. Then, using
location information including (but not limited to) the pose of
the mobile robot 100 during the capturing of the images, the
images may be related to a map of the environment built using
the SLAM techniques. The images thereby are used to help
understand the characteristics of the environment in which
the mobile robot 100 operates using techniques including (but
not limited to) the use of classifiers in a manner similar to that
outlined above. In several embodiments, captured images can
be provided to at least one classifier and used to determine
characteristics of regions in a map generated using V-SLAM
including (but not limited to) whether difterent portions of the
map corresponds to traversable floor or non-traversable floor
(e.g., that an obstacle is present, such as a piece of furniture or
a wall). Furthermore, when classifying images, the mobile
robot 100 may utilize the V-SLAM generated map of the
environment to help ascertain the characteristics of the envi-
ronment being depicted by the image. For example, if a clas-
sifier detects an obstacle at a certain location based on an
analysis of a newly captured image, the mobile robot 100 may
confirm this classification by examining whether the map of
the environment includes an annotation that indicates the
presence of an obstacle. Furthermore, in a situation where
conflicting results exist between a classification of a portion
of'an image and annotations associated with the region within
the map of the environment, the mobile robot 100 may seek
out the ground truth regarding the particular characteristics of
the environment using a process similar to the processes
described above with respect to FIG. 7.

[0174] A process for acquiring ground truths for images
associated with regions of maps generated using V-SLAM
techniques in accordance with embodiments of the invention
is illustrated in FIG. 8. The process (900) includes capturing
(805) one or more images of an environment surrounding a
mobile robot 100. In some embodiments, a captured image
may also include various data describing different attributes
of'the image. In particular, some embodiments may store the
pose of the mobile robot 100 at the time an image is captured
and use this information when mapping the environment.
[0175] At least one portion of the captured image is asso-
ciated (810) with a region of a map of the environment. In
several embodiments, the map of the environment is main-
tained by a V-SLAM system. In other embodiments, a mobile
robot 100 can generate and/or maintain a map of its operating
environment using any of a variety of techniques. The process
may use the metadata associated with a captured image to
determine one or more regions of the map visible within the
captured image. In a number of embodiments, one or more
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classifiers can be utilized to analyze the content of the cap-
tured image. In the many embodiments, the captured images
are provided as an input to a classifier that can detect the
presence of an obstacle and/or the distance to the obstacle.
The location of obstacles identified by the classifier can be
utilized to annotate the map maintained by the mobile robot
100 with information that can be utilized in subsequent route
planning and/or navigation.

[0176] In several embodiments, the mobile robot 100 cap-
tures images as it moves and so the process 800 involves
actuating (815) the mobile robot 100 drive mechanism in
order to drive the mobile robot 100 through the environment.
As the mobile robot 100 drives through the environment, the
mobile robot 100 can continuously update its map(s) and/or
determine its location within its map(s) of the environment. In
several embodiments, a determination (820) can be made as
to whether one or more captured images and/or image por-
tions correspond to the robot’s current map location. When no
image(s) and/or image portion(s) contain a view of the region
of the map currently occupied by the mobile robot 100, the
mobile robot 100 can continue to navigate and/or acquire
additional images.

[0177] When an image and/or image portion contains a
view of the map region occupied by the mobile robot 100, the
mobile robot 100 can capture ground truth using its sensor
system. As described above, the mobile robot 100 sensors that
identify non-floor may be, for example, any of the following
or any combination of the following sensors mounted on the
robot 100: a bumper 115 detecting a collision between the
mobile robot 100 and a wall or other obstacle, an IMU detect-
ing a tilt when the mobile robot 100 rides up on an object,
odometers detecting wheel rotation without movement when
a mobile robot 100 is high centered on an object, and/or an
obstacle detection sensor, such an as IR emitter receiver prox-
imity sensor, a laser, a lidar, a volumetric point cloud sensor,
any time of flight sensor, a PIXART imaging sensor, a
PRIMESENSE sensor, an RGBD sensor. When the image(s)
and/or image portion(s) that contain a view of the map region
occupied by the mobile robot 100 have been annotated by a
classifier, the ground truth can be utilized to confirm (830) the
classification. When the classification is confirmed, the image
(s) and/or image portion(s) can be annotated (840) with
ground truth and added to the appropriate training data set.
Similarly, if the classification is determined to be false, then
the image(s) and/or image portion(s) can be annotated (845)
with ground truth and added to the appropriate annotated data
set and the map annotations updated.

[0178] Although specific processes for annotating images
with ground truths while utilizing processes, such as
V-SLAM techniques, to maintain maps of the operating envi-
ronment are described above with reference to FIG. 8, any of
a variety of processes may be utilized to update annotated
datasets to improve the performance of a classifier based upon
associations between captured images and/or image portions
and map regions as appropriate to the requirements of specific
applications in accordance with embodiments of the inven-
tion. The manner in which a mobile robot 100 can determine
distance to objects visible in captured images in accordance
with various embodiments of the invention is discussed fur-
ther below.

Analysis of Portions of Captured Images

[0179] Mobile robots in accordance with many embodi-
ments of the invention can segment captured images into
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image portions and independently analyze the content of the
image portions. In a number of embodiments, the machine
vision sensor system of the mobile robot 100 can be calibrated
to determine the pixels within captured images corresponding
to different distances from a mobile robot 100 traversing a
relatively horizontal floor. Using the calibration information,
the mobile robot 100 can segment a captured image into
different image portions and provide one or more of the image
portions as inputs to one or more classifiers to determine the
characteristics of the regions of the operating environment
visible in each of the image portions.

[0180] A process involving segmentation of a captured
image to analyze the content of the operating environment of
a mobile robot 100 at different distances in accordance with
an embodiment of the invention is conceptually illustrated in
FIG. 9. The captured image 900 includes floor 902, a wall
904, and an obstacle 906. The floor 902 and the wall 904
define a horizon 908 and calibration information indicating
the portions of the captured image corresponding to different
distances from the robot are conceptually illustrated as ghost
lines 910. In many embodiments, the mobile robot 100 can
segment the image data in each portion of the image and
provide the image portion as an input to one or more classi-
fiers. In several embodiments, the image portions are pro-
vided to one or more classifiers specifically designed to clas-
sify image data at a specific distance (e.g. <1 ft.). In other
embodiments, the image portions are provided to the same set
of classifiers. By segmenting the input image into different
image portions, the output of the classifier(s) not only pro-
vides information concerning the content of the image but
also provide information concerning the distance from the
mobile robot 100 for which the information is relevant. In this
way, the mobile robot 100 can determine the presence of an
object and/or non-traversable floor at a specified distance and
route plan accordingly.

[0181] Although specific processes for determining dis-
tance to features of images identified and/or recognized by
one or more classifiers maintained by mobile robot 100s are
described above with respect to FIG. 9, any of a variety of
techniques for determining distance to features visible within
images including (but not limited to) the use of depth sensors
and/or machine vision sensor systems that output depth maps
can be utilized as appropriate to the requirements of specific
applications in accordance with embodiments of the inven-
tion.

[0182] While the above description contains many specific
embodiments of the invention, these should not be construed
as limitations on the scope of the invention, but rather as an
example of one embodiment thereof. Accordingly, the scope
of the invention should be determined not by the embodi-
ments illustrated, but by the appended claims and their
equivalents.

What is claimed is:
1. A method for training a classifier of a mobile robot, the
method comprising:
obtaining a plurality of image frames along a drive direc-
tion of the mobile robot,
the plurality of image frames comprising a base image
frame corresponding to an initial pose of the mobile
robot and subsequent image frames obtained at inter-
vals during forward travel of the mobile robot,
the mobile robot having a forward facing camera
mounted thereon for obtaining the image frames,
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the camera having a field of view including the floor in
front of the robot, and

the robot having a memory device configured to store a
learned data set of a plurality of descriptors deter-
mined by mobile robot events;

assuming that a location is traversable floor, wherein the
mobile robot is configured to detect traversable floor and
non-traversable non-floor with one or more sensors
mounted on the mobile robot;

determining that the location is non-floor based on a robot
sensor event at the location;

retrieving from a frame buffer an image frame obtained
immediately prior to the sensor event;

generating a floor descriptor corresponding to the charac-
teristics of the floor at the bottom of the image frame
captured by the camera immediately prior to the sensor
event;

generating a non-floor descriptor corresponding to charac-
teristics of the non-floor at the top of the image frame
captured by the camera immediately prior to the sensor
event; and

storing the floor descriptor and the non-floor descriptor in
the learned data set.

2. The method of claim 1, wherein the sensor event is
detection of a collision and determining that the mobile robot
has collided with the obstacle includes:

receiving a bumper signal indicating a collision from a
bumper sensor of the mobile robot; and

verifying that the mobile robot was traveling straight prior
to the collision for at least one second.

3. The method of claim 1, wherein the location corresponds
to a patch of pixels and the one or more characteristics of the
patch of pixels includes color and/or texture.

4. The method of claim 1, wherein the learned dataset is
continuously updated and the oldest descriptors are replaced
by new descriptors.

5. The method of claim 1, wherein the learned dataset is
stored in memory and remains accessible by the robot
between runs.

6. The method of claim 1, wherein the learned dataset is
unpopulated at the start of each new run and the classifier
trains the dataset with descriptors over the run of the mobile
robot.

7. An autonomous mobile robot comprising:

a drive configured to maneuver the robot over a ground

surface within an operating environment;

a camera mounted on the robot having a field of view
including the floor adjacent the mobile robot in the drive
direction of the mobile robot;

a frame buffer that stores image frames obtained by the
camera while the mobile robot is driving; and

a memory device configured to store a learned data set of a
plurality of descriptors corresponding to pixel patches in
image frames corresponding to portions of the operating
environment and determined by mobile robot sensor
events.

8. The mobile robot of claim 7, further comprising one or
more processors executing a training process for a classifier
of the learned data set, the process comprising:

determining based on one or more sensor events that the
mobile robot collided with an obstacle;

retrieving a pre-collision frame from the frame buffer;

identifying a lower portion of the pre-collision frame and
an upper portion of the pre-collision frame;
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generating a first descriptor corresponding to the ground
surface that the mobile robot is traveling on based on the
lower portion;

generate a second descriptor corresponding to at least part
of the obstacle observed in the pre-collision frame based
on the upper portion; and

storing the first descriptor and the second descriptor in the
learned data set.

9. An autonomous mobile robot comprising:

a drive configured to maneuver to mobile robot over a
ground surface within an operating environment;

a camera mounted on the mobile robot having a field of
view including the floor adjacent the mobile robot in the
drive direction of the mobile robot;

a frame buffer that stores image frames obtained by the
camera while the mobile robot is driving; and

a memory device configured to store a learned data set of a
plurality of descriptors corresponding to pixel patches in
image frames corresponding to portions of the operating
environment and determined by mobile robot sensor
events;

one or more processors executing a training process for a
classifier of the learned data set, the process comprising:

assuming that a portion of the base image frame is travers-
able floor, wherein the mobile robot is configured to
detect traversable floor and non-traversable non-floor
with one or more sensors mounted on the mobile robot;

determining whether the mobile robot has traversed a
threshold distance in a same direction since obtaining
the base image frame;

identifying an upper portion and a lower portion of the base
image frame;

identifying a section of'the lower portion of the base image
frame corresponding to a current pose of the mobile
robot, the section being an area of a ground surface
depicted in the lower portion of the base image frame at
a depth corresponding to a drive distance traversed by
the mobile robot from the initial pose to the current pose;

generating a floor descriptor of the section; and

storing the floor descriptor in the learned data set.

10. The mobile robot of claim 9, wherein the process fur-
ther comprises not detecting a sensor event of a collision with
an obstacle while traversing the threshold distance.

11. The mobile robot of claim 9, wherein the process fur-
ther comprises:

detecting a new heading of the mobile robot; and

obtaining a plurality of image frames along the new head-
ing of the mobile robot, the plurality of image frames
comprising a new base image frame corresponding to a
new initial pose of the mobile robot at the new heading.

12. The mobile robot of claim 9, wherein determining
whether the mobile robot has traversed a threshold distance in
the same direction since obtaining the base image without
detecting a sensor event comprises determining a distance
between the initial pose of the mobile robot and a current pose
of the mobile robot.

13. The mobile robot of claim 9, wherein the process fur-
ther comprises generating a non-floor descriptor correspond-
ing to characteristics of the non-floor within the upper portion
of the base image frame.

14. The mobile robot of claim 9, wherein identifying the
upper portion and the lower portion of the base image frame
comprises identifying a horizon within the base image.
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15. A method for training a classifier of a mobile robot, the
method comprising:
obtaining a plurality of image frames along a drive direc-
tion of the mobile robot,
the plurality of image frames comprising a base image
frame corresponding to an initial pose of the mobile
robot and subsequent image frames obtained at inter-
vals during forward travel of the mobile robot,

the mobile robot having a forward facing camera
mounted thereon for obtaining the image frames,

the camera having a field of view including the floor in
front of the robot, and

the robot having a memory device configured to store a
learned data set of a plurality of descriptors deter-
mined by mobile robot events;

tracking a location as non-traversable non-floor based on
the plurality of descriptors, wherein the mobile robot is
configured to detect traversable floor and non-travers-
able non-floor with one or more sensors mounted on the
mobile robot;

determining that the location is traversable floor after trav-
eling a distance to the location and not detecting a robot
sensor event at the location;

generating a floor descriptor corresponding to the charac-
teristics of the floor at the location within the image
frame captured by the camera; and

updating the floor descriptors in the learned data set.

16. The method of claim 15, wherein the distance traveled
is based on an expected change in a wheel encoder.

17. The method of claim 15, further comprising detecting a
heading change and resetting a tracking of the location to a
new location that corresponds to non-traversable non-floor.

18. The method of claim 15, wherein the location corre-
sponds to a patch of pixels and the one or more characteristics
of the patch of pixels includes at least one characteristic
selected from the group consisting of: color; and texture.

19. The method of claim 15, wherein not detecting the
sensor event comprises determining that the mobile robot has
not collided with an obstacle.

20. An autonomous mobile robot comprising:

a drive configured to maneuver to mobile robot over a

ground surface within an operating environment;

a camera mounted on the mobile robot having a field of
view including the floor adjacent the mobile robot in the
drive direction of the mobile robot;

a frame buffer that stores image frames obtained by the
camera while the mobile robot is driving; and

a memory device configured to store a learned data set of a
plurality of descriptors corresponding to pixel patches in
image frames corresponding to portions of the operating
environment and determined by mobile robot sensor
events.

one or more processors executing a training process for a
classifier of the learned data set, the process comprising:

tracking a location as non-traversable non-floor based on
the plurality of descriptors, wherein the mobile robot is
configured to detect traversable floor and non-travers-
able non-floor with one or more sensors mounted on the
mobile robot;

determining that the location is traversable floor after trav-
eling a distance to the location and not detecting a robot
sensor event at the location;
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generating a floor descriptor corresponding to the charac-
teristics of the floor at the location within the image
frame captured by the camera; and

updating the floor descriptors in the learned data set.

21. The mobile robot of claim 20, wherein the distance
traveled is based on an expected change in a wheel encoder.

22. The mobile robot of claim 20, wherein the process
further comprises detecting a heading change and resetting a
tracking of the location to a new location that corresponds to
non-traversable non-floor.

23. The mobile robot of claim 20, wherein the location
corresponds to a patch of pixels and the one or more charac-
teristics of the patch of pixels includes at least one character-
istic selected from the group consisting of: color; and texture.

24. The method of claim 20, wherein not detecting the
sensor event comprises determining that the mobile robot has
not collided with an obstacle.

25. An autonomous mobile robot comprising:

a drive configured to maneuver to mobile robot over a

ground surface within an operating environment;
a camera mounted on the mobile robot having a field of
view including the floor adjacent the mobile robot in the
drive direction of the mobile robot;
a frame buffer that stores image frames obtained by the
camera while the mobile robot is driving; and
a memory device configured to store a learned data set of a
plurality of descriptors corresponding to pixel patches in
image frames corresponding to portions of the operating
environment and determined by mobile robot sensor
events;
one or more processors executing a training process for a
classifier of the learned data set, the process comprising:
detecting a plurality of obstacles located at a plurality of
distances from the mobile robot;

tracking a first obstacle that is closest to the mobile robot
and buffering descriptors of the first obstacle in the
learned data set;

traveling a threshold distance and detecting a second
obstacle that is closer to the mobile robot than the first
obstacle;

resetting the mobile robot to not track the first obstacle;
and

tracking the second obstacle and buffering descriptors of
the second obstacle in the learned data set.

26. The mobile robot of claim 25, wherein an obstacle
corresponds to a patch of pixels and the one or more charac-
teristics of the patch of pixels includes at least one character-
istic selected from the group consisting of: color; and texture.

27. The mobile robot of claim 25, wherein tracking an
obstacle comprises tracking a movement of a patch of pixels
through a plurality of image frames based on movement of the
mobile robot.

28. The mobile robot of claim 25, wherein the process
further comprises traveling a threshold distance prior to cap-
turing a new image.

29. The method of claim 25, wherein the process further
comprises buffering descriptors of the closest obstacle and
updating the learned dataset with the descriptors.

#* #* #* #* #*

36





