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(57) Abstract: A system and method are disclosed for learning a random multinomial logit (RML) classifier and applying the
RML classifier for scene segmentation. The system includes an image textonization module, a feature selection module and a
RML classifier. The image textonization module is configured to receive an image training set with the objects of the images be-
ing pre-labeled. The image textonization module is further configured to generate corresponding texton images from the image
training set. The feature selection module is configured to randomly select one or more texture-layout features from the texton im-
ages. The RML classifier comprises multiple multinomial logistic regression models. The RML classifier is configured to learn
each multinomial logistic regression model using the selected texture-layout features. The RML classifier is further configured to
apply the learned regression models to an input image for scene segmentation.
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SEMANTIC SCENE SEGMENTATION USING RANDOM MULTINOMIAL
LoGIT (RML)

FIELD OF THE INVENTION

[0001] The present invention relates generally to scene segmentation in image processing
systems, and in particular to semantic scene segmentation using multinomial logistic regression
models.

BACKGROUND OF THE INVENTION
[0002] In computer image analysis such as intelligent transportation systems, a common task
is to classify street scenes in a captured image. This task often involves detecting road, other
vehicles and pedestrians to alert a user of the intelligent transportation system in potentially
dangerous situations. Detection of objects of interest in a captured image generally requires
segmenting the image into regions of interest and/or further segmenting the regions of interest
into objects of interest.
[0003] Scene segmentation has been an active area of research and has a wide range of
applications to real world problems, such as applications in robotics and automotive systems.
One conventional scene segmentation method employs discretized representations, such as
codebooks of features or texton images, which model a whole image or specific regions of the
image with or without spatial context of the image. Textons of an input image are discretized
texture words, which are learned by applying a filter bank to the input image and clustering the
output of the filter bank. The problem with this method is that it can only address scene
segmentation at image level. Thus, it face challenges of detecting and localizing objects
especially small size objects in an image, where image level features and statistics are often
insufficient.
[0004] Another conventional scene segmentation method uses texture-layout features of an
input image to boost feature selections that act on textons. An example of this conventional
scene segmentation method uses a semantic texton forest for both textons creation and for
textons classification. Since the number of such features is very large, training a scenc

segmentation engine used in this method is very slow and the performance of such scene
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segmentation deteriorates with the increasing size of training dataset and variation in object
classes in the training dataset.
BRIEF DESCRIPTION OF THE DRAWINGS

[0005] Figure 1 illustrates a computer system for semantic scene segmentation using a
random multinomial logit classifier according to one embodiment of the invention.
[0006] Figure 2 is a flowchart of learning multinomial logistic regression models of the
random multinomial logit classifier according to one embodiment of the invention.
[0007] Figure 3A is an illustration in black and white of semantic scene segmentation
according to one embodiment of the invention.
[0008] Figure 3B is a corresponding illustration in color of Figure 3A of semantic scenc
segmentation according to one embodiment of the invention.
[0009] Figure 4 is a block diagram of image textonization module according to one
embodiment of the invention.
[0010] Figure 5A is an illustration in black and white of feature selection according to one
embodiment of the invention.
[0011] Figure 5B a corresponding illustration in color of Figure 5A of feature selection
according to one embodiment of the invention.
[0012] Figure 6 is a flowchart of applying learned multinomial logistic regression models for
semantic scene segmentation of an input image according to one embodiment of the invention.

DETAILED DESCRIPTION OF THE INVENTION
[0013] An embodiment of the present invention is now described with reference to the
figures where like reference numbers indicate identical or functionally similar elements.
[0014] Reference in the specification to “one embodiment” or to “an embodiment” means
that a particular feature, structure, or characteristic described in connection with the
embodiments is included in at least one embodiment of the invention. The appearances of the
phrase “in one embodiment” in various places in the specification are not necessarily all referring
to the same embodiment.
[0015] Some portions of the detailed description that follows are presented in terms of
algorithms and symbolic representations of operations on data bits within a computer memory.
These algorithmic descriptions and representations are the means used by those skilled in the

data processing arts to most effectively convey the substance of their work to others skilled in the
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art. An algorithm is here, and generally, conceived to be a sclf-consistent sequence of steps
(instructions) leading to a desired result. The steps are those requiring physical manipulations of
physical quantities. Usually, though not necessarily, these quantities take the form of electrical,
magnetic or optical signals capable of being stored, transferred, combined, compared and
otherwise manipulated. It is convenient at times, principally for reasons of common usage, to
refer to these signals as bits, values, elements, symbols, characters, terms, numbers, or the like.
Furthermore, it is also convenient at times, to refer to certain arrangements of steps requiring
physical manipulations of physical quantities as modules or code devices, without loss of
generality.

[0016] However, all of these and similar terms are to be associated with the appropriate
physical quantities and are merely convenient labels applied to these quantities. Unless
specifically stated otherwise as apparent from the following discussion, it is appreciated that
throughout the description, discussions utilizing terms such as “processing” or “computing” or
“calculating” or “determining” or “displaying” or “determining” or the like, refer to the action
and processes of a computer system, or similar electronic computing device, that manipulates
and transforms data represented as physical (electronic) quantities within the computer system
memories or registers or other such information storage, transmission or display devices.

[0017] Certain aspects of the present invention include process steps and instructions
described herein in the form of an algorithm. It should be noted that the process steps and
instructions of the present invention could be embodied in software, firmware or hardware, and
when embodied in software, could be downloaded to reside on and be operated from different
platforms used by a variety of operating systems.

[0018] The present invention also relates to an apparatus for performing the operations
herein. This apparatus may be specially constructed for the required purposes, or it may
comprise a general-purpose computer selectively activated or reconfigured by a computer
program stored in the computer. Such a computer program may be stored in a computer readable
storage medium, such as, but is not limited to, any type of disk including floppy disks, optical
disks, CD-ROMs, magnetic-optical disks, read-only memories (ROMs), random access
memories (RAMs), EPROMs, EEPROMs, magnetic or optical cards, application specific
integrated circuits (ASICs), or any type of media suitable for storing electronic instructions, and

cach coupled to a computer system bus. Furthermore, the computers referred to in the
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specification may include a single processor or may be architectures employing multiple
processor designs for increased computing capability.

[0019] The algorithms and displays presented herein are not inherently related to any
particular computer or other apparatus. Various general-purpose systems may also be used with
programs in accordance with the teachings herein, or it may prove convenient to construct more
specialized apparatus to perform the required method steps. The required structure for a variety
of these systems will appear from the description below. In addition, the present invention is not
described with reference to any particular programming language. It will be appreciated that a
variety of programming languages may be used to implement the teachings of the present
invention as described herein, and any references below to specific languages are provided for
disclosure of enablement and best mode of the present invention.

[0020] In addition, the language used in the specification has been principally selected for
readability and instructional purposes, and may not have been selected to delineate or
circumscribe the inventive subject matter. Accordingly, the disclosure of the present invention is
intended to be illustrative, but not limiting, of the scope of the invention, which is set forth in the
claims.

[0021] Embodiments of the invention provide learning a random multinomial logit (RML)
classifier for scene segmentation and applying the learned RML classifier to an input image for
scene segmentation. A scene segmentation system using the RML classifier learns the RML
classifier though a pre-labeled image training set and improves the performance of the RML
classifier for scene segmentation by randomly selected texture-layout features. The scene
segmentation system pre-processes the image training set by removing contrast and brightness
variations among the images in the image training set, and by convoluting and clustering the
images in the image training set. The system replaces the features used by the RML classifier
with randomly selects texture-layout features based on a statistical significance measurement
associated with the features. Each multinomial logistic regression model of the RML classifier
estimates the probability distribution of a texton word of a selected texture-layout feature. The
system generates a final label for the texton word by averaging the probability distribution of
cach multinomial logistic regression model of the RML classifier. The learned RML classifier

can be applied to an input image for scene segmentation. The disclosed scene segmentation



WO 2010/141369 PCT/US2010/036656

system also has a wide range application to real world problems, such as applications in robotics
and automotive systems.

[0022] One embodiment of a disclosed system (and method) includes learning a random
multinomial logit (RML) classifier and applying the RML classifier for scene segmentation. The
system includes an image textonization module, a feature selection module and a RML classifier.
The image textonization module is configured to receive an image training set with the objects of
the images being pre-labeled. The image textonization module is further configured to gencrate
corresponding texton images from the image training set. The feature selection module is
configured to randomly select one or more texture-layout features from the texton images. The
RML classifier comprises multiple multinomial logistic regression models. The RML classifier
is configured to learn ecach multinomial logistic regression model using the selected texture-
layout features. The RML classifier is further configured to apply the learned regression models
to an input image for scene segmentation.

System Overview

[0023] Figure 1 illustrates a computer system 100 for semantic scene segmentation using a
random multinomial logit (RML) classifier 126 according to one embodiment of the invention.
The computer system 100 comprises a memory 120, an input controller 130, an output controller
140 and a processor 150. In one embodiment, the computer system 100 is configured to receive
an image training set 110A to learn the RML classifier 126. In another embodiment, the
computer system 100 is configured to receive an input image 110B for scene segmentation by
the learned RML classifier 126. The image training set 110A comprises multiple pre-labeled
images. The input image 100B is any still image or a frame of a video received by the computer
system 100 for scene segmentation. Learning the RML classifier 126 using the image training
set 110A is further described below with reference to Figure 2. Applying the RML classifier 126
to the input image 110B is further described below with reference to Figure 6.

[0024] In one embodiment, the image training set 110A comprises video sequences obtained
by mounting a camera on a moving vehicle capturing motorbikes on streets. The videos are
similar to what a driver would see in a side rearview mirror of a moving vehicle. The videos can
differ in the types of motorbikes captured, viewing perspectives and the amount of clutter and
lighting quality. For example, one image training set 116A contains sixty-three frames selected

from six video sequences with approximately 5,800 frames in total. The selected frames are
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labeled according to the type of the objects they represent, such as bike, road, sky and others.
The pre-labeled image training set 110A is received by the computer system 100 to learn the
RML classifier 126. The learning results of the RML classier 126 are compared with the labels
of the image training sct 1 10A for evaluating the performance of the RML classifier 126.
[0025] The memory 120 stores data and/or instructions that may be executed by the
processor 150. The instructions may comprise code for performing any and/or all of the
techniques described herein. Memory 120 may be a DRAM device, a static random access
memory (SRAM), Flash RAM (non-volatile storage), combinations of the above, or some other
memory device known in the art. In one embodiment, the memory 120 comprises an image
textonization module 122, a feature selection module 124, the RML classifier 126 and a data
store 128.

[0026] The image textonization module 122 comprises computer executable instructions for
generating corresponding texton images from input images. A texton image generated from an
input image is an image of pixels, where cach pixel value in the texton image is a representation
of its corresponding pixel value in the input image. Specifically, each pixel value of the input
image is replaced by a representation e.g., a cluster identification, corresponding to the pixel
value of the input image after the input image being processed. For example, an input image is
convoluted with a filter bank resulting in 17-degree vectors for each pixel of the input images.
The 17-degree vectors of the input image after filtering are clustered and each of the 17-degree
vectors is represented by an identification of the cluster (e.g., the cluster number) to which the
vector belongs. A texton image is obtained in response to each pixel value of the input image
being replaced by its corresponding cluster identification. Each pixel of a texton image is a
texton word, which is also referred to as a texture cluster. The image textonization module 122
is further described below with reference to Figure 4.

[0027] The feature selection module 124 comprises computer executable instructions for
carrying out random texture-layout feature selection described below with reference to Figures
5A and 5B. A texture-layout feature is a selected portion of a texton image, ¢.g., a selected
rectangle region of the texton image. For cach sclected texture-layout feature, the feature
selection module 124 computes a percentage of pixels whose pixel value is equal to the cluster
identification of a specified texture cluster. The RML classifier 126 comprises computer

executable instructions for learning and applying multiple multinomial logistic regression models
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of the RML classifier 126 described below with reference to Figures 2, 3A and 3B. The data
store 128 stores the RML classifier 126 learning results and/or semantic segmentation results in
one embodiment of the invention.

[0028] Figure 2 is a flowchart of learning multinomial logistic regression models of the
random multinomial logit classifier 126 according to one embodiment of the invention. Initially,
the computer system 100 receives 210 an image training set containing multiple images, where
cach of the images is labeled according to the type of the objects they represent in the image,
such as bike, road, sky and others. The image textonization module 122 generates the
corresponding texton images from the images in the training set. The feature selection module
124 randomly selects 214 texture-layout features from the texton images and sends the selected
features to the RML classifier 126. Each of the multinomial logistic regression models of the
RML classifier 126 models 216 the probability distribution of a given texture word in a selected
feature of a texton image. The RML classifier 126 evaluates 218 the performance of the
multinomial logistic regression models. In response to satisfactory performance of the
multinomial logistic regression models, the RML classifier 126 ends 220 the learning process;
otherwise, the RML classifier 126 repeats the learning process with newly selected texture-
layout features from the texton images.

[0029] Figure 3A is an illustration in black and white of semantic scene segmentation
according to one embodiment of the invention. Initially, an image training set 302 is received by
the computer system 100 shown in Figure 1for learning the multinomial logistic regression
models described in Figure 2 above. For the purposes of explanation, the image training set
containing multiple images is shown by one single image 302 in the Figures 3A-3B. Similarly,
the corresponding texton images arec shown with one texton image 306, and the labeled output
(i.e., scene segmented images corresponding to the images of the image training set) is
represented by one labeled image 310. The image training set is pre-processed, convoluted and
clustered 304 to generate texton images 306 corresponding to the images of the training set. The
feature selection module 124 randomly selects multiple texture-layout features 308 (e.g., the
rectangles representing the selected texture-layout features) and sends them to the RML classifier
126 to learn the multinomial logistic regression models of the RML classifier 126. In the
illustration in Figure 3A, the RML classifier has total N multinomial logistic regression models,

where N is a design parameter. Each of the multinomial logistic regression models computes the
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probability distribution of a given texture word in a sclected texture-layout feature and generates
labeled output 310 of the input images 302. The labels of the output indicate the result of the
scene segmentation of the input images. Figure 3B is a corresponding illustration in color of
Figure 3A of semantic scene segmentation according to one embodiment of the invention.

RML Image Textonization

[0030] Figure 4 is a block diagram of image textonization module 122 according to one
embodiment of the invention. In the embodiment illustrated in Figure 4, the image textonization
module 122 includes an image pre-processing module 410, an image convolution module 420
and an image clustering module 430. The image textonization module 122 is configured to
generate corresponding texton images from an image training set by pre-processing the image
training set, convoluting and clustering the pre-processed image training set.

[0031] Generally, an image set of multiple images contains contrast and brightness variations
among the images in the image training set. The contrast and brightness variations can affect the
texture computation adversely. The image pre-processing module 410 is configured to remove
contrast and brightness variations the image set prior to texture computation. Specifically, the
image pre-processing module 410 processes the images in an image set so that the processed
images are histogram equalized and have zero mean unit standard deviation.

[0032] The image convolution module 420 is configured to convolute the pre-processed
image training set with a filter bank. In one embodiment, the image convolution module 420
uses a seventeen dimensional filter bank consisting of Gaussians at scales 4, 2k, and 4k,
derivatives of Gaussians along x and y axes at scales 2k and 4k, and Laplacians of Gaussians at
scales k&, 2k, 4k and 8k, where k is a design parameter. The Gaussians are computed on all three
channels of CIELab color space and the rest of the filters are only applied to the luminance
channel.

[0033] The image clustering module 430 is configured to cluster the convoluted image
training set. In one embodiment, the image clustering module 430 clusters the 17-degree vectors
generated from the convoluted image set using a hierarchical k-means clustering method. Each
of the 17-degree vectors of an image of the image training set after convolution is represented by
an identification of the cluster (e.g., the cluster number) to which the vector belongs. A texton
image is obtained in response to each pixel value of the image being replaced by its

corresponding cluster identification. Each pixel of a texton image is a texton word, which is also
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referred to as a texture cluster. The image clustering module 430 can be further configured to
use triangle inequality to accelerate k-means clustering. Other clustering methods known to
those of ordinary skills in the art are readily available to the embodiments of the invention.

Random Multinomial Logit (RML) Classifier

[0034] An RML classifier consists of N multinomial logistic regression models, each of
which models the probability distribution of the label y given the input vector x as in equation (1)

below:

) » S PO R
i e Bt T ez =i
Ty = piy =N i = Fos LM b

{ ;\‘C;?l i="L
where 7 and / are indices into the model and label set respectively, and Z is the normalizing

constant that makes the distribution sum to unity. The ¢5() represents feature functions computed on the
input vector x, and /3, is the vector of coefficients of length (L - 1) that define the detection function
for object category /. Stacking each of these vectors, we obtain the (L - 1)>< (M + l)matrix S, of

all the coefficients for the multinomial regression model.

[0035] Training for the RML classifier 126 involves learning the £ coefficients from the image

training set. The image training set is sampled with replacement to get N smaller sets, with which
the individual regression models of the RML classifier 126 are learned. The features for the
individual models are also sclected randomly, M features per model, where M is usually a small
number (e.g., 10 to 20). Increasing the number of features beyond this generally results in poor
performance as the output variance increases with the number of features used. The final output
label distribution of the RML is computed by averaging over the output of the individual
models as in equation (2) below:

h= ) @y (1

f= N

[0036] The coefficients £ for the individual regression models are learned in a maximum
likelihood framework, which involves minimizing the error of distribution described in equation
(1) over all of the training data. Considering the log-likelihood, the function to be maximized

is thus (dropping the index for the model number) described in equation (3):
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Liflix.y}j= Y logm, (3

Txd
where {X, y} is the image training data and 7, is the probability distribution defined in equation

(1).
[0037] The log-likelihood described in equation (3) can be optimized by gradient descent or
second order methods known to those of ordinary skills in the art. For example, the gradient of
equation (3) for a specific coefficient is given as:

L

By

= ) @A} =)~ 7] (4}

x4}
where () is the indicator function which yields unity if its argument is true.

RML Texture-Layout Feature Selection
[0038] The performance of the RML classifier described through the equations (1)-(4) can be

improved though texture-layout feature selection. A texture-layout feature is a selected portion
of a texton image, ¢.g., a selected rectangle region of the texton image. RML feature selection is
performed by swapping a feature currently being used in the RML classifier with a randomly
selected feature based on the statistical significance of the feature currently being used, and the
selected feature is used by the RML classifier to learn its multiple multinomial logistic regression
models. When the features used in a multinomial logistic regression model are statistically
significant, the model is improved by randomized feature selection.

[0039] In one embodiment, the feature selection module 124 uses a simple scale-independent
test for determining the statistical significance of a selected feature. A feature does not
contribute to the regression model described in equation (1) if the columns of the coefficients
corresponding to it are all extremely small. The scale-independent test for determining the

feature’s contribution is to ascertain the statistical significance of the £ values by comparing
them with their standard deviation. If | ﬁlf| <20,,Vie [1: L—1], where o, represents the
corresponding standard deviations, the feature ¢, is dropped from the model and another feature

is randomly selected in its place. The regression model is then re-learned with the current
coefficients as initial values for the optimization. Since the discarded feature is not statistically
significant, the coefficient values for the other features generally do not change significantly and

the re-learning proceeds efficiently.
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[0040] The standard deviation of the coefficient estimates can be computed from the Hessian
of the log-likelihood function as in the equation (5) below:
a°L .

—— = 3 X (N e =1 ) {3}
d }b t?f‘:é'_;" fxvh

where ¢,/ and 4, f are indices into the label and feature sets respectively. The inverse of the
Hessian is the covariance matrix of £, from which the standard deviations can be obtained.
When all the features in a multinomial logistic regression model are statistically significant,
the model is improved by randomized feature selection based on maximum likelihood. The
quantity —2log L, where L is the log-likelihood of the model, follows a chi-squared statistic and
is smallest for the best-fitting model. Hence, for two models differing by a single feature, the
model with the lower statistic is retained.

[0041] To further illustrate the texture-layout feature selection, the following is pseudo-code

of an example of RML feature sclection.

Algorithm 1 RML Featwe Selection

Input: Current mulunomiad leastic regression model ML = L@y, 8 6 confiicient standird deviations
o, rautds of feature selection §
LL <= log-hkedthood of ML
fori=1taS do
o= sel of feates g o 8.4 1B 5 2mp T e 1L~
it B is ey then
Swp s randomly selected feature from current moded for 8 randomly selected pew feature ¢
else
Swapr a randomly selected feature from B for a nandomby selecied new fouture 7
end i
ME = new mode] sear asing mwax i Hielihood
LI == foe-likelihood of ML
it LI > LL then
ME e MU LL @ LE
end if
end for
return AL

[0042] In one embodiment, the texture-layout features consist of a rectangle 7 and a texton

word 7. A texture word is also referred to as a texture cluster above. For every pixel p, the

feature selection module 124 computes the proportion of the texton word ¢ inside the rectangle

r, where r has been translated to be in the coordinate system with p as the origin. For example,

for cach selected texture-layout feature, the feature selection module 124 computes a percentage

11
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of pixels inside the rectangle » whose pixel value is equal to the cluster identification of the
texton word 7. It can be seen that texture-layout features capture local textural context in the
image, for instance the relationship that a boat is usually surrounded by water. In addition, this
contextual relationship, expressed as a linear combination of multiple texture-layout feature
values, is sufficient to do pixel-wise scene labeling.

[0043] To learn the RML classifier based on the texture-layout features, the feature selection

module 124 first pre-selects N, rectangular regions randomly, so that the total number of
possible features is N, x N, , where N, is the number of texton words in the codebook used in the

learning process. Subsequently, for each multinomial regression model in the RML classifier, a
set of M << N, x N, features are selected randomly to create the distributions given in equation
(1).

[0044] The RML is learned in a supervised manner using pixel-wise labeled data. The
feature values evaluated at a pixel along with its label constitute a training instance. Randomly
selected subsets of this training data are used to learn the individual regression models. During
runtime, the features in the regression models are evaluated on an input image and passed
through the regression models to get the output labeling as in equation (2).

[0045] Referring now to Figure 5A, Figure 5A is an illustration in black and white of feature
selection according to one embodiment of the invention. Image 510a is one of the images of an
image training set used in the RML classifier learning process, and image 510b is the

corresponding texton image of image 510a. The coefficients £ 512 defined in equation (1) for

the individual regression models of the RML classifier are learned in a maximum likelihood
framework. In the example illustrated in Figure 5A, total four texture-layout features (520a,
530a, 540a and 550a) are randomly sclected. Each selected texture-layout feature consists of a
rectangular shape, which is a portion of the texton image 510b, and a texton word (e.g., 520b,
530b, 540b, and 550b). For ecach selected texture-layout feature, the feature selection module
124 computes a percentage of pixels inside the rectangle of the texture-layout feature, whose
pixel value is equal to the value of the texton word associated with the selected feature. If the
texton word is represented by the cluster identification after textonization, the feature selection
module 124 computes a ratio of the number of pixels in the rectangle of a selected feature whose

pixel value equals the cluster identification and the total number of pixels inside the rectangle.

12
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[0046] Figure 5B a corresponding illustration in color of Figure 5A of feature selection
according to one embodiment of the invention. Each colored rectangle represents a texture-
layout feature via the rectangle window and the texton word (denoted by the color for
illustration) associated with the texture-layout feature. Features are statistically insignificant for
labeling pixels in a scene when their values are not indicative of the pixel label. A texture-layout
feature that is statistically insignificant may be because the shape of the feature is too large or too

small. Using Figure 5B as an example, the 4™ feature for coefficient S , in the multinomial

regression model being learned is statistically insignificant and is discarded through the feature
selection.

RML Classifier Application for Scene Segmentation

[0047] The learned RML classifier 126 described above can be used to texture-based scene
segmentation with improved accuracy and performance efficiency comparing with conventional
scene segmentation methods. Figure 6 is a flowchart of applying the learned RML classifier 126
to an input image for semantic scene segmentation according to one embodiment of the
invention. Initially, the computer system 100 having a learned RML classifier 126 receives 610
an input image for scene segmentation. The image textonization module 122 generates 612 a
corresponding texton image using the clusters learned during RML classifier learning process.
The RML classifier 126 applies 614 the learned multinomial logistic regression models to the
input image. For example, the RML classifier 126 computes the probability distribution of a
pixel label modeled by each multinomial logistic regression model of the RML classifier 126
using equation (1). The RML classifier 126 gencrates 616 the semantic image segmentations for
the input image, where semantic image segmentation is represented by segmentation label. For
example, the RML classifier 126 computes the final output label distribution of the input image
by averaging over the output of the individual multinomial logistic regression models of the
RML classifier 126 using the equation (2). Finally, the computer system 100 outputs 618 the
semantic image segmentation of the image.

[0048] To classify street scenes for use in intelligent transportation systems and other
applications, a RML classifier is learned via an image training set with pre-labeled images. The
RML classifier consists of multiple multinomial logistic regression models. Each of the
multinomial logistic regression models operates on a randomly selected subset of features from

the image training set and outputs a probability distribution on the label of the pixel
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corresponding to the selected features. The use of a maximum likelihood framework allows the
multinomial logistic regression to operate in large feature spaces with improved performance.
The learned RML classifier can be efficiently used to an input image for scene segmentation.
The disclosed RML-based scene segmentation system has a wide range application to real world
problems, such as applications in robotics and automotive systems.

[0049] While particular embodiments and applications of the present invention have been
illustrated and described herein, it is to be understood that the invention is not limited to the
precise construction and components disclosed herein and that various modifications, changes,
and variations may be made in the arrangement, operation, and details of the methods and
apparatuses of the present invention without departing from the spirit and scope of the invention

as it is defined in the appended claims.
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What is claimed is:
l. A computer implemented method for learning a random multinomial logit (RML)
classifier for scene segmentation, the method comprising:
receiving an image training set, wherein the image training set comprises multiple digital
representations of images, and an object of an image of the image training set has
a semantic label;
generating a plurality of texton images corresponding to the images in the image training
set, wherein a texton image of its corresponding image in the image training set is
an image of pixels, and wherein each pixel value in a texton image is replaced by
a representation of the pixel value of its corresponding image in the image
training set;
selecting one or more texture-layout features from the plurality of the texton images;
learning multiple multinomial logistic regression models of the RML classifier based on
the selected texture-layout features; and
evaluating the performance of the multiple multinomial logistic regression models based
on the semantic labels of the objects in the image training set.
2. The method of claim 1, wherein generating the plurality of texton images corresponding
to the images in the image training set comprises:
removing contrast and brightness variations among the images in the image training set;
convoluting the images in the image training set with a filter bank to generate convoluted
images; and
clustering the convoluted images.
3. The method of claim 2, wherein the filter bank is a seventeen-degree filter bank
consisting of Gaussians at different scales, derivatives of Gaussians at different scales and
Laplacians of Gaussians at different scales.
4, The method of claim 2, wherein clustering the convoluted images comprises clustering
the convoluted images using a hierarchical k-means clustering method.
5. The method of claim 4, wherein each of the seventeen-degree vectors of a convoluted
image is represented by an identification of the cluster to which the vector belongs.
6. The method of claim 1, wherein selecting one or more texture-layout features from the

plurality of the texton images comprises swapping a feature currently being used by the RML
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classifier with a randomly selected new feature based on the statistical significance of the feature
currently being used.
7. The method of claim 6, wherein the statistical significance of a feature is determined by a
comparison of the coefficients values associated with the feature and the standard deviation of
the coefficients values.
8. The method of claim 6, wherein a selected texture-layout feature from a texton image
comprises a rectangle area of the texton image and a texton word.
9. The method of claim 8 further comprises computing a percentage of pixels inside the
rectangle arca whose pixel value is equal to the value of the texton word over the total number of
pixels inside the rectangle arca.
10. The method of claim 9, wherein the value of the texton word is equal to the cluster
identification of the texton word.
1. The method of claim 1, wherein learning multiple multinomial logistic regression
models of the RML classifier comprises:
for cach multinomial logistic regression models of the RML classifier:
estimating the probability distribution of a texton word of a selected texture-layout
feature;

minimizing the error of the estimated probability distribution of the texton word; and

optimizing the estimated probability distribution of the texton word.
12. The method of claim 11, wherein learning multiple multinomial logistic regression
models of the RML classifier further comprises averaging the probability distribution of the
texton word from cach of the multiple multinomial logistic regression models to generate a final
output label for the texton word.
13. The method of claim 1 further comprises re-learning a multinomial logistic regression
model of the RML classifier responsive to the performance of the multinomial logistic regression
model being below a performance threshold.
14. The method of claim 1 further comprises applying the RML classifier to an input image
for scene segmentation.
15. A computer system for method for learning a random multinomial logit (RML) classifier
for scene segmentation, the system comprising:

an image textonization module configured to:
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receive an image training set, wherein the image training set comprises multiple
digital representations of images, and an object of an image of the image training
set has a semantic label; and
generate a plurality of texton images corresponding to the images in the image
training set, wherein a texton image of its corresponding image in the image
training set is an image of pixels, and wherein each pixel value in a texton image
is replaced by a representation of the pixel value of its corresponding image in the
image training sect;
a feature selection module configured to select one or more texture-layout features from
the plurality of the texton images; and
a RML classifier configured to:
learn multiple multinomial logistic regression models of the RML classifier based on
the selected texture-layout features; and
evaluate the performance of the multiple multinomial logistic regression models
based on the semantic labels of the objects in the image training set.

16. The system of claim 15, wherein the image textonization module is further configured to:
remove contrast and brightness variations among the images in the image training set;
convolute the image training set with a filter bank to generate convoluted images; and
cluster the convoluted images.

17. The system of claim 16, wherein the filter bank is a seventeen-degree filter bank

consisting of Gaussians at different scales, derivatives of Gaussians at different scales and

Laplacians of Gaussians at different scales.

18.  The system of claim 17, wherein cach of the seventeen-degree vectors of a convoluted

image is represented by an identification of the cluster to which the vector belongs.

19.  The system of claim 15, wherein the feature selection module is further configured to

swap a feature currently being used by the RML classifier with a randomly selected new feature

based on the statistical significance of the feature currently being used.

20. The system of claim 19, wherein a sclected texture-layout feature from a texton image

comprises a rectangle area of the texton image and a texton word.
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21.  The system of claim 20, wherein the feature selection module is further configured to
compute a percentage of pixels inside the rectangle area whose pixel value is equal to the value
of the texton word over the total number of pixels inside the rectangle area.
22. The system of claim 15, wherein the RML classifier is further configured to:
configure cach multinomial logistic regression models of the RML classifier to:
estimate the probability distribution of a texton word of a sclected texture-layout
feature;
minimize the error of the estimated probability distribution of the texton word; and
optimize the estimated probability distribution of the texton word.
23. The system of claim 22, wherein the RML classifier is further configured to average the
probability distribution of the texton word from cach of the multiple multinomial logistic
regression models to generate a final output label for the texton word.
24. The system of claim 15, wherein the RML classifier is further configured to re-learn a
multinomial logistic regression model of the RML classifier responsive to the performance of the
multinomial logistic regression model being below a performance threshold.
25. The system of claim 15, wherein the RML classifier is further configured to apply the
RML classifier to an input image for scene segmentation.
26. A computer program product for learning a random multinomial logit (RML) classifier
for scene segmentation, the computer program product comprising a computer-readable medium
containing computer program code for performing the operations:
receiving an image training set, wherein the image training set comprises multiple digital
representations of images, and an object of an image of the image training set has
a semantic label;
generating a plurality of texton images corresponding to the images in the image training
set, wherein a texton image of its corresponding image in the image training set is
an image of pixels, and wherein each pixel value in a texton image is replaced by
a representation of the pixel value of its corresponding image in the image
training sect;
selecting one or more texture-layout features from the plurality of the texton images;
learning multiple multinomial logistic regression models of the RML classifier based on

the selected texture-layout features; and
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evaluating the performance of the multiple multinomial logistic regression models based
on the semantic labels of the objects in the image training set.
27. The computer program product of claim 26, wherein the computer program code for
learning multiple multinomial logistic regression models of the RML classifier comprises
computer program code for:
cach multinomial logistic regression models of the RML classifier:
estimating the probability distribution of a texton word of a selected texture-layout
feature;
minimizing the error of the estimated probability distribution of the texton word; and
optimizing the estimated probability distribution of the texton word.
28.  The computer program product of claim 26 further comprises computer program code for

applying the RML classifier to an input image for scene segmentation.
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