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METHOD AND APPARATUS FOR IMPROVED
TRAINING OF OBJECT DETECTING
SYSTEM
FIELD OF INVENTION

[0001]

The present invention relates to object detection or

object recognition and more speci?cally to training an object
detector.
BACKGROUND

Mar. 20, 2014

object in a real environmentiif the classi?er can recogniZe

the target object in evaluation images, it should be able to
successfully ?nd it in any image during the runtime. In reality,
capturing of the representative images to ensure that the sys
tem will reliably perform in normal operation is a great chal
lenge and in most cases it is not practical to obtain them.
Therefore, it takes a lot of human intuition and multiple
interactions with the vision system users to address possible
variations of environment such as noise, occlusions and light
ing variations, and to create and tune the solution. In many
cases, the users are not able to describe the factors affecting

[0002] Object detection is an important problem in a variety
of engineering and scienti?c disciplines such as computer
vision, arti?cial intelligence, and biometrics. For example, in
the many industrial settings today, robots are used for parts
assembly and manufacturing. These robots are equipped with

performance of their application in terms that could be effec
tively used for vision solution development and tuning. As a
result, the researcher or image processing engineer has to

one or more cameras, e.g., CCD or CMOS, which give them

[0006] Similar problems (dif?culty to obtain user’s prior
knowledge and to collect images representing the problem

vision. Often, objects (i.e., parts) are contained in a bin. The
robot must recogniZe the object/part in the bin so it can pick
it up to assemble the product. However, the object can be in

any number of poses (position, orientation, rotation), under
various lighting conditions, etc. So, the robot must be trained
to recogniZe the part regardless of its pose and environment.
As is known in the art, robots include software that attempts
to identify the object from the camera image. Statistical leam
ing and classi?cation has been successfully used for some of

such object detection applications.
[0003]

In a real-world environment, the appearance of the

object changes dramatically due to the change in view per
spective, illumination, or deformation. As such, a single clas
si?er cannot effectively detect objects whose appearance is
subject to many changes. Classi?er networks are general
solutions based on the divide-and-conquer concept. The clas
si?er networks must be trained to properly classify (detect,
recognize) the particular object(s) of interest, such as an
assembly line part. Generally, the process starts with an

untrained network. A training pattern (e.g. images of the
object in various poses and lighting conditions and possibly
false target images) is presented to the network. The image
signals are passed through the network to produce an output
(for example, the result of classi?cation, detection or mea
surement). The output results are evaluated and compared to
optimal results and any differences are errors. This error can

be a function of weights that are assigned to features of the

object image, for example. Some features are better than
others for recognizing the object and may be assigned a
greater weight. The weights are iteratively adjusted to reduce
the error and thus give greater con?dence in the classi?cation

modify the classi?er or tune its parameters a number of times,
based on failure cases during the system setup or operation.

across various environmental conditions) exist in other com

puter vision applications. For example, in machine vision
inspection systems it is not always required to detect and
recogniZe objects but is necessary to ?nd abnormalities from
the nominally good image. Variations of such abnormalities
in the product under inspection compound with variation of
ambient lighting, and, as a result, it is dif?cult for the users to

de?ne the requirements for their system. Consequently, it
takes a number of iterations between the user and the vision
system developer to create a vision solution and tune it for the

required balance between falsely detected defects (false posi
tives) and missed defects (false negatives).

[0007] Object detection algorithms typically require large
datasets to adequately train the classi?er network. In these
datasets it is often necessary to have both positive and nega

tive sample images. It is also necessary for samples that
include the object to have been labelled with ground truth

attributions (e.g. location, orientation, pose, etc). These
visual ground truth annotations to the dataset are usually

input manually by an operator that is observing the object
when its image is taken by camera.

[0008]

In general, the larger the dataset, the better the algo

rithm may be trained, which in turn leads to better detection

results. However, large datasets require a long time to gather
and are often not feasible to get manually as it could take days
or weeks of labor to acquire and label the required number of

images.
SUMMARY OF INVENTION

network. It is desirable to automatically train a classi?cation
network with minimum error, time, and effort.

[0009] In the present invention, an adequate solution for
computer vision applications is arrived at more ef?ciently

[0004] In order to recogniZe an object in the images, the
computer vision system should be initially trained on a digital

and, with more automation, enables users with limited or no

representation of that object. Such digital representation

to create reliable vision systems for their applications. In an
embodiment, a method of the present invention for automati

involves modelling of the object and generation of a descrip
tor (or classi?er) that could be applied to any image during
runtime to ?nd the target object. Creating or selecting of the
appropriate classi?er, as well as tuning of that classi?er to
ensure its robust performance during runtime, are driven by

the application scenario, which could be acquired by (l)
explicit user input, (2) existing geometrical model (such as
CAD model) and (3) set of images captured in the target
environment.

[0005] The images used for training and evaluation of the
vision solution should represent possible appearances of the

special image processing and pattern recognition knowledge
cally generating a computer vision solution comprises:
receiving user input for one or more descriptors; creating a

training set of object images and an evaluation set of object
images; and using a processor to: select a vision solution
candidate that provides a best match to the user input from a

prede?ned solutions library; train the selected solution can
didate using the training set; apply the selected solution can
didate to the evaluation set; evaluate the selected solution
candidate solution using the user input; and use evaluation
feedback for additional training of the selected solution can
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maximum of additional training is reached.

[0016] In yet another embodiment, at least one of blurring,
brightening, darkening, and noise is added to the ?rst rotated

[0010]

image.

didate until accuracy and speed requirements are met or a

In another embodiment, once the maximum of addi

tional training is reached Without meeting the accuracy and
speed requirements, then neW user input is received, or
another candidate solution is selected from the prede?ned
solutions library, or a neW candidate solution is created, and
the process is repeated to select and evaluate another or neW
solution. The creation of the neW candidate solution may be

[0017] In a preferred embodiment, training of a selected
solution candidate includes creating a Histogram of Gradient

features (HOG) and de?ning cluster features, harvesting the
nodes of the HOG that converge during training, and collect
ing the harvested nodes into a detector, Wherein the detector
de?nes a trained selection solution ready for evaluation.

automated based on scenario, object type, previous history

[0018]

performance, and/or the combination of information from
other solutions.

may also be implemented as a system for automatically gen
erating a computer vision solution for a speci?ed vision task,
the system comprising: an input con?gured to receive user
de?ned limitations, Wherein at least one of said user-de?ned
limitations is associated With a sub-set of prede?ned descrip
tors Within a library of prede?ned descriptors, each of said

[0011]

In a further embodiment, the one or more descrip

tors comprises one or more of vision tasks, type of object and

its properties, operation conditions of a system employing the
computer vision solution, accuracy requirements, and speed

requirements.
[0012]

In yet another embodiment, the sample set for train

ing and sample set for evaluation are created using one or
more of explicit user input, an existing geometrical model, a

set of images captured in a target environment, and computer

generated object images.

The above solution for computer vision applications

descriptors being associated With a respective set of image
constraints; and processor con?gured to: for each user-de
?ned limitation that is associated With said library of descrip
tors, selecting the best available descriptor Within its associ
ated sub-set of prede?ned descriptors most in harmony With

all user-de?ned limitations; de?ning a Working image library

[0013] In a further embodiment, computer rendering of
CAD models is used to fully automate the dataset acquisition

of sample images based on the user-de?ned limitations and
the sets of image constraints associated With the selected
descriptors; de?ning an evaluation set of sample images from

process and labeling process. These computer renderings
simulate the object realistically enough for the purposes of

date based on the user-de?ned limitations and the selected

the object detection algorithms training. Fully automating the
dataset acquisition in this Way has the bene?t that even large
datasets can be generated on demand in relatively little time
With very little effort. More speci?cally, creating at least one
of the training set of object images, and the evaluation set of

object images comprises: obtaining characteristics of an
object and parameters corresponding to each object charac
teristic; obtaining characteristics of a scene and parameters
corresponding to each scene characteristic; obtaining charac
teristics of one or more (2D or 3D) camera(s); obtaining
parameter domains for the object, scene, and camera charac

teristics; obtaining a target sampling schema by selecting a
sampling type and a distribution type; and generating a plu
rality of sample con?gurations according to the target sam
pling schema using the parameter domains. For each sample
con?guration, this embodiment further comprises: perform
ing 3D rendering of the scene using computer graphics, and
generating a sample 2D image based on the rendering; and
creating a data set comprised of the folloWing for each sample
con?guration: one or more images, 3D data for each image if

said Working image library; de?ning a vision solution candi

descriptors; tuning said vision solution candidate, including
modifying the selected descriptors according to the speci?ed
vision task; evaluating the tuned vision solution candidate
using said evaluation set of sample images and user-provided

limitations, including accuracy and speed limitations; using
evaluation feedback for additional tuning of the selected solu
tion candidate until the accuracy and speed limitations are
met or a maximum of additional tuning is reached.

[0019]

Preferably, in this system, the tuning of the vision

solution candidate further includes altering the selection of
descriptors associated With a user-provided limitation.
[0020] The system may further include de?ning a training

set of sample images from said Working image library and
excluding any sample images in the evaluation set of sample
images, Wherein: at least a portion of the descriptors Within

said library of descriptors include classi?ers, and the tuning
of the vision solution candidate includes training these clas
si?ers for the speci?ed vision task using said training set of

sample images.
[0021]

The system may also include de?ning a training set

available, parameters of the sample con?guration, and target
object data.

of sample images from said Working image library and

[0014]

images, Wherein: at least one of said user-de?ned limitations
requires the creation of a neW classi?er; the neW classi?er is

In another embodiment, in order to speed up the

training data preparation While maintaining the data quality,

excluding any sample images in said evaluation set of sample

automatically trained using the training set of sample images,

the present invention generates a number of processed
samples from one or a feW seed images. Speci?cally, creating
at least one of the training set of object images and the evalu

the evaluation set of sample images, and user-de?ned inputs;

ation set of object images comprises: acquiring a seed image

based on the neW classi?er.

of an object; rotating the seed image to generate a ?rst rotated

[0022] In this case, the tuning of said vision solution can
didate may further include creating additional neW classi?ers.
[0023] Also in this case, the automatic training of the neW

image; labeling the object in the ?rst rotated image; rotating
the ?rst rotated image through a range of rotation angles to
generate a plurality of additionally rotated images; and label
ing the object in the additionally rotated images based on the
label of the object in the ?rst rotated image.

[0015]

In a further embodiment, rotating comprises af?ne

transformations.

and the de?ning of said vision solution candidate is further

classi?er preferably includes creating a Histogram of Gradi
ent features (HOG) and de?ning cluster features, harvesting
the nodes of the HOG that converge during training, and
collecting the harvested nodes into a detector, said detector
de?ning said neW classi?er.
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[0024] Other objects and attainments together with a fuller
understanding of the invention will become apparent and

drawings, like numerals describe substantially similar com
ponents throughout the several views. These embodiments

appreciated by referring to the following description and

are described in su?icient detail to enable those skilled in the
art to practice the invention. Other embodiments may be

claims taken in conjunction with the accompanying draw

utiliZed and structural, logical and electrical changes may be
made without departing from the scope of the present inven

1ngs.
BRIEF DESCRIPTION OF THE DRAWINGS

[0025]

In the drawings, like reference symbols refer to like

tion. Moreover, it is to be understood that the various embodi
ments of the invention, although different, are not necessarily

FIG. 1 is a general block diagram of an object pro

ture, or characteristic described in one embodiment may be

parts.
[0026]

cessing device and system for utiliZing the present invention.
[0027]

FIG. 2 is a ?owchart of the general method of a ?rst

aspect of the present invention.
[0028] FIG. 3 is a ?owchart of the feedback loop aspect of
the present invention.
[0029] FIG. 4 is a ?owchart of the automatic dataset acqui
sition of the present invention.
[0030] FIG. 5 is a ?owchart of the automated dataset gen
eration from one or a few seed images aspect of the present
invention.

[0031] FIG. 6 shows an image of a sample LEGO-type
block.
[0032] FIG. 7 illustrates variations in the appearance of the
LEGO-type block of FIG. 6 due to variations in lighting and

viewing angle.
[0033] FIG. 8 illustrates some sample images rendered
using an image rendering method in accord with the present
invention.
[0034] FIG. 9 illustrates a structural ?ow chart of an
embodiment of the present invention.
[0035] FIG. 10 illustrates differences in the appearance of
an object when viewed from different directions.
[0036] FIG. 11 shows the general process ?ow of bottom

up grouping or clustering by shape variance and top-down
node harvesting for the creation of a multi-node detector.
[0037] FIG. 12 illustrates an example of HOG feature
extraction.

[0038] FIG. 13 illustrates a dendrogram and clustering
results achieved by complete-link clustering on 66 basic
views (i.e., rendered samples) of a test object.
[0039] FIG. 14 shows some general steps in the hierarchi
cally clustering of basic views into a tree using HOG feature.
[0040] FIG. 15 illustrates the concept of top-down node

harvesting.
[0041]

FIG. 16 describes the steps of top-down node har

vesting.
[0042]

FIG. 17 shows the combining, by sequential cou

pling, of enumerated harvested nodes 1-5 to create a multi
node detector.

[0043]

FIG. 18 tabulates the results of some experimental

tests (with manual training and with automatic training).
[0044] FIG. 19 provides another view of the present inven
tion.
[0045] FIG. 20 provides some examples of user limitation
inputs in accordance with the embodiment of FIG. 19.
[0046] FIG. 21 provides an internal view of module M7 of
FIG. 19.
DESCRIPTION OF THE PREFERRED
EMBODIMENTS

[0047] In the following detailed description, reference is
made to the accompanying drawings that show, by way of
illustration, example embodiments of the invention. In the

mutually exclusive. For example, a particular feature, struc
included within other embodiments. The following detailed
description is, therefore, not to be taken in a limiting sense,
and the scope of the present invention is de?ned only by the

appended claims, along with the full scope of equivalents to
which such claims are entitled.

[0048] In general, example embodiments relate to methods,
devices, and computer-readable media for training a classi
?er. Typically, training samples are examined within the fea
ture space, and grouped together to train classi?er nodes.
These training samples for visual applications are usually
images, particularly digital images of one or more objects.
There are multiple ways of training classi?er nodes. For
instance, if the building of a classi?er is driven by the samples
in a “discriminative way”, errors that might occur during the

grouping process are addressed by moving the rejected
samples to train a sibling node, or are simply removed. Alter

natively, if the classi?er is being built by a “generative”
method, a number of features (such as corners and/ or contour

features) may be used to create a model, and then train train
ing and evaluation set(s) may be used to tune and validate the
model.

[0049]

A schematic representation of an example object

processing device 100 is shown in FIG. 1. The object process
ing device 100 exchanges data with a host computer 150 by
way of an intervening interface 102. Application programs
and an object processing device driver may also be stored for
access on the host computer 150. When an image retrieve

command is received from the application program, for
example, the object processing device driver controls conver
sion of the command data to a format suitable for the object
processing device 100 and sends the converted command data
to the object processing device 100. The driver also receives

and interprets various signals and data from the object pro
cessing device 100, and provides necessary information to the
user by way of the host computer 150.

[0050]

When data is sent by the host computer 150, the

interface 102 receives the data and stores it in a receive buffer
forming part of a RAM 104. The RAM 104 can be divided

into a number of sectors, for example through addressing, and
allocated as different buffers, such as a receive buffer or a

send buffer. Data, such as digital image data, can also be

obtained by the object processing device 100 from the capture
mechanism(s) 112, a ?ash memory and/or EEPROM 110, or
the ROM 108. The capture mechanism(s) 112 can be a cam

era, for example, and generates a digital image by photo
graphing one or more objects, such as a part to be used in
manufacturing and/ or assembly of a device such as a printer.

This camera 112 can be user-controlled, for example, by a
robot 116 or a human. Alternatively, camera 112 may be

automatically controlled, for example, by computer 150. The
digital image of the object(s) can then be stored in the receive
buffer or the send buffer of the RAM 104 or any other suitable
memory.

