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Abstract — Our goal is develop an object recognition and
motion tracking system to assist in the analysis of data
for the project created by the Psychology and Human
Development department. Fuzzy membership rules
provide a viable solution for creating this system. We
describe our development of the feature vector, rule
extraction, and image segmentation. The usefulness of
the system is demonstrated via an analysis of videos of
human action collected as part of an on-going
collaboration with researchers in the Vanderbilt
Psychology and Human Development department.
Results are given to show the current progress, and
future goals are presented.

Index Terms — Object recognition, fuzzy rules, learning,
motion segmentation

I.  INTRODUCTION

Our goal is develop an object recognition and
motion tracking system to assist in the analysis of
data for the project created by the Psychology and
Human Development department. Our motivation
was to create a system and feature set that could be
applied successfully across different application
domains. The proposed system has been applied
unchanged to outdoor mobile robot navigation and
humanoid robot vision. Broad application of the
same feature set over various applications implies a
rather large set of features and thus a high-
dimensional feature space. This is also consistent
with mammalian vision. One of the unusual aspects
of the proposed system is its high dimensional feature
space. From reviewing other work in this field [1-7],
we notice the large amount of research dealing with
object recognition and learning algorithms and
believe that using fuzzy membership rules is a viable
method of achieving such a system. Object
recognition proceeds by identifying objects using
stored data representations of the objects [8].
Learning algorithms are adaptive systems that use
observed data (typically arrays) to establish and
adjust what is characteristic about objects [9]. By
combining these types of algorithms, a system has the

basic foundation for improving its object recognition
capabilities with increased training.

The object recognition system uses high-
dimensional feature data and decision trees to
develop fuzzy rules for recognition. The fuzzy rules
developed generalize over the feature space for
increased performance in object segmentation.
Robustness is obtained by placing the complexity of
the processing in the large amount of object
characteristics resulting from the feature vector rather
than the computation method itself. These complex
feature vectors paired with simple calculations for
segmentation allow the algorithm to relay the
decision it makes in an understandable fashion that
explains the way the system makes decisions, and
may aid in the selection of features to be added in the
future.

When programs incorrectly identify objects, the
reason why is often lost in the data analysis. This
loss can prevent researchers from understanding what
the robot “sees,” how it makes decisions and how to
improve the recognition process. If the researchers
can understand what the robot sees, they are better
able to develop the feature vectors of the system by
deciding if new features need to be added. Since our
method promotes feature vector manipulation, the
system should be able to incorporate new features
easily. The system is also designed so that it can be
quickly and easily trained, allowing the robot to be
transported to different environments and quickly
learn new objects.

To examine the usefulness of this system in a
dynamic environment, we examine the motion of
subjects participating in an on-going study conducted
by the Psychology and Human Development
department at Vanderbilt University(Herberg,
Hunter, Saylor, Wilkes, & Levin, in progress). One
aim of this study is to study the differences of human
motions during a simple demonstration task due to
the mental models formed about the nature of the
audience (e.g., human or computer). Our system will
be used to segment these motions and explore



possible differences in the human motions with the
eventual aim of training robots to use the information
to learn about human motion.

II. BACKGROUND

The process of obtaining the rules for this object
recognition algorithm consists of training the system
on certain objects, processing these objects to
determine rule trees and extracting the rules. The
characteristics of objects are described in the feature
vectors. A major component of the feature vector is
the color histogram. The rules created from these
feature vectors are fuzzy membership rules.

All the images and videos are taken from a
camcorder that stores each frame as a color image.
The images are then converted to the HSV (hue
saturation value) color space for use.

Fuzzy information is an imprecise set of
descri'ptions or instructions [10].  Membership
functions (mp) map the fuzzy set to an interval of 0 to
1. The membership function contains a value (grade
of membership) for each component in the fuzzy set.
The fuzzy operations for the membership functions
that we use are as follows [11,12,13]:
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These are used to combine membership functions
with each other.

III. FEATURE VECTOR

During the training step, sections of images are
selected and given a label (class) according to what
the object is. The program creates a structure array
called Imemory and allows the user to provide the
objects to be trained. The name of the picture/ frame
of video, upper left coordinate of the selection
rectangle, the width of the rectangle, the height of the
rectangle, and the class of the selected object are
added to the Imemory structure. The features are
extracted from these selected regions. The feature
vector structure was originally 433 characteristics.
As testing continued, some of the features were
removed because of processing costs.

The first 250 of the 433 features are a histogram
(or equivalently a probability density function, pdf)
of color measurements for each training object. The
image was converted from its original RGB format to

HSV. The hue is broken into 10 contiguous bins,
[0.00 0.05 0.14 0.22 0.28 0.45 0.54 0.75 0.81
0.92 1.00]. The saturations and values are evenly
distributed in to 5 bins each ranging from 0.00 to
1.00. The bin values are [0.00 0.20 0.40 0.60 0.80
1.00]. Each color is represented by one bin for each
of the H, S, and V bands. All possible combinations
yields 250 different color features. The program
looks at each color feature and finds the number of
pixels in the region that are found. After doing this
for all the color features, there are 250 numbers, each
representing the number of pixels of a certain color
that is in the selection region. The total number of
pixels in the selection region divides these 250
numbers.

The next feature is a standard texture
measurement. This feature measures the “roughness”
of the area. The texture is measured from the
grayscale of the image. The grayscale image is then
filtered with a simple 3 by 3 Laplacian edge detector.
Since there are possible negative values, the absolute
value is taken of the normalized value (divided by
256 because of the 256 gray levels). The sum
normalized across the entire selection region (divided
by the number of pixels in the selection region) is the
texture measure.

The next feature is motion detection. The
motion feature used video feed to determine the
amount of movement in an object. This feature also
uses the 256 level grayscale image. The motion was
calculated by taking the absolute value of the
difference of consecutive frames in the selection
region. The difference matrix now contains numbers
from 0 to 255. The matrix is normalized from 0 to 1
and is summed to give the motion feature measure.

The final 180 features were line features. This
feature measures how much of the selection area
contains lines at varying degrees. By using the radon
function in MATLAB over the selection region, each
degree for 180 degrees for each pixel is calculated.
The maximum value for each row is taken and
normalized over the selection region. These features
were removed eventually, but some experiments were
preformed using this feature. All the features are
shown in Figure 1.
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Figure 1: Feature Vector



After all of the samples from the training objects are
taken, the program now has a matrix of features for
each sample and an array of class labels.

IV. EXTRACTING FUZZY RULES

Using these arrays, the Matlab treefit
function returns a structure array containing all of the
information about the created tree. For the
classification process, four main items are needed:
sample set, splitting criteria, stopping criteria and
pruning. All the samples together are the parent
node. The most discriminatory feature is used to split
the parent node into two child nodes. The process is
continued to create several more child nodes using
the splitting function (Gini’s index of diversity was
used as the splitting criterion) [14]. This is continued
until the stopping criteria (minimal group size) is
reached for all groups that do not contain a single
class. The tree is pruned to provide a completed
classification tree. We used the Matlab treefit
function with its default parameters.

Fifteen trees are created. The first tree contains
all the features from the data and the rule is extracted.
Every tree after the first removes the strongest feature
(the feature at the top of the tree) from the data
features, recreates the classification tree and extracts
the rules. A rule consists of minterms. Minterms are
the set of decisions made to reach a group of a class.
The decisions are the discriminating features of the
classification tree. Every tree may contain several
groups of each class. The rule of a class is the union
of all the minterms for that class.
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All the features of minterms that have value are
represented. When the union rule is implemented,
the final term (- P(A C B)) is not used. This part

was ignored for ease of implementation. The reason
this can be removed is it can be argued that the final
term will become small upon calculation. Removing
this term has not caused a noticeable decrease in the
quality of results as compared to leaving it in. The
rules are now extracted from the trees for each object
class. The next step is to segment the images.

V. IMAGE SEGMENTATION

The process of extracting a fature set from a
new image is the same method used to gather the
training sample's features. The main difference is the
moving window used to define areas in the image
from which the features are extracted. Currently, the
window is 15x15 pixels and its position increments
by 10 pixels in the row and column directions. These
values are arbitrary and can be changed easily, but a
decrease in window position increment (increase in
resolution) increases the processing time. Different
sample window sizes of 11x11, 21x21, and 31x31
were tested. As the window size increased, the object
boundaries became increasingly distorted. Another
observation was the increase of misclassification for
some objects as well as a decrease in other objects.
The window increments are constrained not to exceed
the image when the window reaches the borders of
the image. The features of each window are
extracted and put into a vector form. This vector is
similar to the feature matrix in the training data
except the number of rows is now the number of
windows in the new image.

For each tree formed, we obtain one rule (in a
sum of minterms form) for each object class. Thus, if
the total number of trees formed is given by Niees,
then there will be N.s rules for each object class.
For a given object class, C;, each rule is applied to the
window feature matrix, resulting in Niees result
matrices for class C;. A result matrix gives the
degree of membership estimated for each region by
the applied rule. What remains to be done is to
combine the Ny results for the given class into a
single result. Viewing the individual results as fuzzy
sets, we may combine them using the union of the
Nirees results using Equation (5). However, this
approach yielded poor results.

We use another approach to combining the
results by switching to another paradigm of
interpretation. If we take each result matrix of class
C; for each of the Ny rules and divide it by the total
sum of all values in the result matrix, the new
normalized matrix now has a sum of values equal to
1. Thus, the matrix can be viewed as a probability
density function (pdf) describing the distribution of
the objects of class C; as estimated by the associated
rule, R;, j=1,...,Niees. This pdfis denoted by

[T CIR)) ®)

Then using a probabilistic assumption of equally
likely rules we obtain
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and the pdfs may be combined as
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This method of combining the rule outputs yielded
good results. The fuzzy membership functions seem
to give a more robust evaluation of the data when
gathering features. The Bayesian paradigm gives a
more robust expression of the features after they are
combined. So by linearly combining the probability
density functions of fuzzy membership rules across
the entire image, the strengths of both fuzzy rules and
Bayesian probability rules can be exploited.

These values can be represented visually as a
saliency map by applying a grayscale colormap to
display the results. The image has brighter spots for
areas in the image having values that are higher
compared to the other values of the set. The
minterms for a class worked well if the values
(brightness) of the object contrast highly with the
values (brightness) of objects that are not of the class.
The resolution decrease observed in the output
images is due to the reduction of each increment of
the window down to one pixel representation.

The next step is to allow the detection of
multiple objects in one picture. Now the program
must be able to decide whether a pixel is of a certain
class or of no class at all. Now the program is taking
the window feature matrix and extracting the rules
for all the classes. The resulting matrix (ImSc) has n
(number of windows in image) rows by y (number of
classes) columns.
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score matrix (n x y)
n = number of windows in image
y = number of classes

Each index in score matrix is the value of that
windows score with the class' minterms. These
scores take values from O to 1 along classes
(columns). The scores are then compared to each
other in the same row. The window is decided to be
a certain class if it has the largest score in the rows
and it is greater than 0.15 (a threshold chosen

empirically by observing graphs of the scores) and of
no class if it is less than 0.15. This value can be
increased to ensure only the higher scores to be
recognized as different classes. The sample image in
Figure 2 was taken from Herberg et al (in progress).
The goal is to study the motion of humans when
given different descriptions of the audience. It is
necessary to be able to read the hand for this

experiment.
The result of the sample image (Figure 3) shows
the segmentation (yellow = BlueRing, green =

RedRing, blue = YellowRing, purple = Hand, and red
= RedStrip). The object recognition indicates
detection of the hand in the image though there is no
hand in view. The face of the person is represented
as Hand, which is logical since the face has about the
same color as the hand. As shown in the result, the
red strip on the hat is correctly identified.

I
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Figure 2: Sample Image

Figure 3: Segmentation Image for Sample Image

VL. APPLICATIONS TO HUMAN MOTION
SEMENTATION

We use the fuzzy membership recognition
system to discern objects in videos from the
psychology department. One of the objects is the
person's hand. The ultimate goal is to study the
differences the in motion of a person when
demonstrating a task for different entities (humans or
computers). The main objective is to segment
movies and be able to track the hand as well as the
head angle. Each participant was to wear a hat with a
red stripe at the center of the hat. This was to aid in
discerning the direction the participant was looking.
By tracking these two movements, they are able to



store data on where the subject was looking and hand
motion patterns. They speculated that the hand
motion of the subject when told they were
performing for a robot may be slower and more rigid.
The information will also reveal the effectiveness of
the fuzzy rules deduction and demonstrate the speed
of training to new environments.

The immediate goal is to show that the
recognition algorithm is effective in segmenting the
objects in the videos. It can track the movements of
the hand and the angle of the head, and the system is
easily trained and implemented with a relatively
small number of samples.

The participants are told to show either a human
or a computer how to move some objects on a table
to complete a task. The three tasks used were card
arrangement, towers of Hanoi, and tower building
tasks. Each of the tasks has objects of different
colors.

The card arrangement task is to take the cards
arranged by color and shift them to be arranged by
the number of white squares on them. The only
limitations are that the person may only use one hand
and the cards are not allowed to pass over each other.

The Tower of Hanoi task shown in Figure 5 is to
move the stack of colored rings from the spindle on
the right side of the image to the one on the left. A
ring can only be moved to an empty spindle or on top
of a larger ring. Again, the task is to be completed
with one hand.

The tower building task is to take the colored
blocks and construct them to a tower-like structure.
The participant is to attempt to build the tower with
one hand but may use both if necessary.

Two new script files were created to easily train
and process the videos by consolidating the current
functions. A simple regression algorithm is used to
plot an estimated line for the center of the head, an
estimated line for the direction of the gaze, and a
marker to determine the hand position. The first two
use the image segmentation of the red strip on the
head. The strip is separated from the rest of the
image by only considering the region where the head
of the participant is. The center of the strip is
considered to be the center of the head. A line is
plotted going straight down from the center. The
estimation of gaze uses what the algorithm
determines is the red strip at the head region, and puts
a best fit line to the points to determine the line of the
gaze. The line of the gaze is plotted along with a
vertical centerline, thus an angle of gaze from the
center can be estimated. The hand marking finds the
range of hue values that flesh tones fall in for the
image and multiplies them by the amount of motion
detected in the same image. So that the coordinates
match, the flesh-tone/ motion product image is down

sampled to match the segmented image coordinates.
The hand position is simply the max value in the
down sampled flesh-tone/motion image.

Each video was processed using training vectors
from only 50 samples for each object. The collection
of the 250 samples takes about 30-45 minutes to
collect for each task. A huge feature space (252
dimensional) needs many samples to create solid
clusters. Although the numbers of samples are only
250, the recognition of the videos is reasonably
accurate. Table I shows the object classes for each
task.

Table I: Class names for the three separate tasks

Towers of Card Tower building
Hanoi task arrangement task
task
BlueRing BluePaper GreenBlock
YellowRing GreenPaper PeachBlock
RedRing PinkPaper BlueBlock
RedStrip RedStrip RedStrip
Hand Hand Hand

VII. RESULTS

The results had some noise but this is likely due
to the limited number of training samples. The
videos themselves segmented very well considering
the small number of samples. The two main areas of
noise are from "inconsistent flashes" and the skin
tone items in the image (i.e., PinkPaper). The
inconsistent flashes are areas that are not the object it
is identified to be but due to minor feature
characteristics of the image scoring high enough to
be considered an object. Remember the object is
decided from its score on the rules. Since the score is
normalized from 0 to 1 across all the windows of the
frame, some noise (i.e., lighting differences) causes a
fluctuation in the scores of all the windows giving
incorrect results. Also, the color features are not fine
enough to separate the colors of the skin and pink
cards. Integrating more samples into the training
matrix can reduce the noise from the inconsistent
flashes. Increasing the number of bins in the color
feature space will separate very close colors in the
hue space to different bins. The noise would
probably be less if the number of samples were
increased. The small number of samples allows for
acceptable detection, and the pixels that were
correctly detected can be saved and used as
additional training vectors. This allows for the
training vector samples to increase dramatically with
each frame’s results. This change can allow for
analysis of the effectiveness of the fuzzy rules. If the
object detection does not improve with samples, the




most likely approach is to adjust the feature vector
itself.

In all of the videos, the hand marking and gaze
estimation worked rather well. The hand position is
signified with a white x marker. Even though the
face and the hand are moving, the program does not
confuse the two when both are in the picture. By
storing these numbers, the hand motions can be
analyzed to reveal possible motions of the hand. By
taking these vectors of positions in the hand, it is
possible to extract changes in the direction of the
hand and/or pauses. Using these to segment one
motion of the hand from another, the frames where
the changes occur can be displayed and analyzed.
Figure 4 is an example of the motion feature
displayed as an image.

Figure 4: Motion image example

The collected hand positions give the following
plots. Figure 5 is the median-filtered xaxis (column)
position of the hand plotted vs frame number. As the
numbers increase, the image of the hand location
should be farther to the right side. Figure 6 is a
derivative of the median-filtered xaxis hand motion
used to aid in extracting the pauses in the x
directions. FHgure 7 is the median-filtered yaxis
(row) position of the hand. As the numbers increase,
the image of the hand location should be closer to the
bottom. Figure 8 is the derivative of the median-
filtered y-axis hand motion used to aid in extracting
the pauses in the y directions. The frames in the
video where the derivative plots are both zero show
where the pauses occur. The program also uses zero
crossings of the hand position in the x direction and y
direction to discern significant motions.

~ Figure 5: X-axis hand position

[l | .I
Figure 6: Derivative of x-axis hand position

Figure 8: Derivative of y-axis hand position

For the tower of Hanoi task, the pause seemed to
capture the significant motions of the subject, as
show below. Figures 9 through 11 are the frames
estimated to be the transition points from one motion
to the next for the Tower of Hanoi video. It has been
observed that some subjects that perform tasks for the
computer audience will make rigid and linear
movements compared to the smooth movements for a
human audience.

Figure 9a (left): Reaching/Grabbing the Red Ring
Figure 9b (right): Moving/Releasing the Red Ring

Figure 10a (left): Reaching/Grabbing the Yellow Ring
Figure 10b (right): Moving/Releasing the Yellow Ring

Figure 11a (left): Reaching/Grabbing the Red Ring
Figure 11b (right): Moving/Releasing the Red Ring




VIIL CONCLUSIONS AND
RECOMMENDATIONS FOR FUTURE
RESEARCH

The use of fuzzy membership functions for
object recognition is one of the better ways to
develop a learning object recognition system. This
system takes advantage of the classification trees,
which allows it to relate to objects through the feature
vectors in a manner that is easy to understand. The
simple training process allows for many different
features to be added. These features are can be used
in many interesting manners, due to the way they are
stored. The motion image can be used to find when
motion below the hand is at a maximum to determine
if the hand is moving an object. Just as the hand's
position can be stored, other objects (i.e., a red strip)
can be used to track other significant motions in the
image.

Some of the other tasks are performed more
smoothly, which makes it necessary to develop the
movement segmentation calculations for accurate
segmentation. We are currently developing a method
of storing the amount of motion below the hand to
establish whether the hand is moving an object. This
may be used to further define the significant motions.

The processing of the videos takes a long time.
The eventual goal of the system is to run in real-time.
This slowness may be due to MATLAB not being the
optimal execution environment for image processing.
The code will be ported to C++ to determine how
much faster it can be processed.

The low resolution does not allow for the
detection of small hand movements. Increasing the
resolution increases the process time quite a bit. This
problem may also be improved if the port to C++ will
yield asignificant decrease in processing time.

The results of object recognition in images can
be used to add to the database of training vector by
taking the window samples that are correctly
identified. Using this method, the number of training
samples will increase dramatically. As the number of
training vectors grows larger, storage will become an
issue. Since the vectors are mostly zero, they can be
stored as a sparse vector to solve the problem
immediately. In the long run, it will be necessary to
create a general model for objects to conserve space.

It may be possible to use morphology to reduce
noise in recognition. This process may help reduce
the random noise spots that occur in the recognition
process.

Combining the training sets could allow for
subject identification for the same tasks. The
subjects that are asked to do the same tasks may have

different enough skin tones to be identified. It is
likely that the color histogram would need to be able
to represent a high number of colors in the skin tone.

The ability for a robot to create descriptions of a
feature vector and motions may lead to instruction.
These instructions can be used to teach other robots
how to do certain tasks. Their feature vectors will
identify objects. The human's hand can be tracked to
observe the behavior. The robot can track its own
hand and mimic the behavior observed from the
human. In terms of navigation, a robot can observe
the features of a pathway and use a simple
cost/reward system to learn about objects in its
environment.

There are many different paths to explore with
this system. A possible application is to be used as
the perception module in a working memory system.
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