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Abstract-Technologies currently used for cotton contaminant 
assessment suffer from some fundamental limitations. These limi
tations result in the misassessment of the cotton quality, and have 
a serious impact on its economic value. Through our research, we 
have shown that X-ray microtomographic image analysis may be 
applied with a high degree of success to noninvasive evaluation of 
cotton for the recognition of contaminants. We believe that this pro
cedure, when realized in real time, will have a serious impact on 
the cotton cleaning process, and indeed on the economic value of 
cotton. 

Index Terms-Cotton trash, fuzzy classifier, image analysis, pat
tern classification, volumetric data, X-ray tomography. 

1. INTRODUCTION 

As A NATURAL fiber, cotton is subject to contamina
tion from a variety of sources. The contaminants (e.g., 

seed-coat fragments, bark, plastics, leaves, etc.) from these 
sources, which survive the ginning process, have a direct 
impact on the grade and, hence, the value of the cotton lint and 
its derivatives. It is at this stage in the process (i.e., post-gin
ning) that a precise measurement and identification of the lint 
contaminants can improve the accuracy and repeatability of the 
grading operation. Such measurements can also provide the 
necessary feedback for optimizing both the production and the 
ginning processes and directly impact cotton's market value 
[1 ]. 

Because of the foregoing reasons, there has been a long
standing interest in the measurement of contaminants in cotton 
samples. This interest has, in turn, stimulated significant 
amount of research in this area for more than six decades, 
leading to the development of a number of practical technolo
gies. In general, such technologies can be categorized into two 
main groups: gravimetrics and surface scanners. Systems in the 
former group accomplish their goal by separating and weighing 
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or counting and sizing the contaminants. On the other hand, 
surface scanners capture an image of the sample surface and 
quantify its trash content by the subsequent analysis of that 
image. Recent research efforts for improving the sensitivity of 
these systems have generated only incremental improvements. 
These include better separation machinery [2], use of color 
scanners and more sophisticated image analysis techniques 
[3], [4], and more effective sample preparation mechanisms 
[5]. However, despite these improvements, systems within 
both categories suffer from some fundamental limitations. 
For example, gravimetric methods cannot distinguish between 
different trash particles. Surface scanners, which use visible 
or even near-infrared light for imaging [6], cannot penetrate 
the sample and, therefore, require sample preparation. Further
more, all of these systems have a limited spatial resolution, 
which is currently in the hundreds of micrometers. 

This paper presents a novel approach to the automatic 
recognition of cotton contaminants that overcomes the afore
mentioned shortcomings. The essence of this approach is the 
utilization of an X-ray microtomography system that employs 
computer vision algorithms to detect and to classify the cotton 
contaminants with high resolution and bypasses the sample 
preparation step. The proposed system is intended for use as an 
off-line, reference method for trash assessment. The novelty of 
the approach lies in the fact that, to the best of our knowledge, 
the application of X-ray imaging techniques in this area has yet 
to be explored by any other research group. 

II. MATERIALS AND METHODS 

In what follows, the materials and methods used to conduct 
our experiments are described and the preliminary results of 
these trials are included. 

A. Microto11lograplzy System Description 

The microtomography (CT) system used in this project is a 
SkyScan-1074 X-ray scanner [7]. This system can achieve a 
maximum pixel resolution of 40 mm and can accommodate ob
jects smaller than 30 mm in size. The source is an air-cooled 
tube with voltage and current ranges of 20-40 kV and 0-1000 
rnA, respectively. The X-ray detector is an 8-bit charge-coupled 
device (CCD) camera with 768 x 576 elements and lens cou
pling to the scintillator. A personal computer controls all aspects 
of the system's operation and is also used to store and to recon
struct the detector-generated data. In a tomographic mode, the 
reconstruction of the data is accomplished using the fan-beam, 
convolution backprojection technique [8]. 

0093-9994/04$20.00 © 2004 IEEE 
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Fig. I. X-ray images of three specimens: (I) strip of polypropylene; 
(2) cottonseed; and (3) strip of bark. (a) In the radiographic image, the 
polypropylene is practically invisible, whereas in (b). the tomographic image, 
all specimens are discernible. Dashed line indicates the approximate location 
of the tomographic slice. 

It should be noted that this system can be used to produce ra
diographic, as well as tomographic images of the objects of in
terest. Radiographic images, although formed in near real time, 
are not useful for the detection of low-density objects that bear 
a small width-to-depth aspect ratio. Tomographic images, on 
the other hand, overcome this difficulty by combining multiple 
views of the object; see Fig, 1. Furthermore, object shape is 
better quantified from tomographic rather than radiographic im
ages. This is apparent in Fig. 1, where, unlike its radiographic 
counterpart, the tomographic image clearly displays the curved 
surface of the strip of bark. 

B. Scanner Characterization 

The cross-sectional images resulting from the reconstruction 
procedure represent a quantitative measure of the linear X-ray 
attenuation coefficient at each point in the axial plane of the 
three-dimensional (3-D) object. These coefficients characterize 
the rate at which the X-ray photons are attenuated (either by 
absorption or scattering) from the incident ray as it propagates 
through the object. It is well known that the attenuation of 
X-rays with peak energy below a few megaelectronvolts is the 
result of the sum of two primary interactions: photoelectric 
absorption and Compton scattering. Moreover, for peak photon 
energies of less than 40 keV, as with our microtomography 
system, the photoelectric absorption effect characterizes the 
measured attenuation coefficients. The difference between 
these measured values at two points within an object (i.e., 
perceived contrast) depends directly on the density and the 
effective atomic number of the comprising material at those 
two points, as well as the energy of the incident X-ray beam. 

Given the differences in density and even the chemical com
position between different types of cotton contaminants, it is 
reasonable to hypothesize that the generated attenuation coef
ficients may be used as an effective (albeit not the sole) dis
criminatory feature between these contaminants. Prior to testing 
this hypothesis, however, the accuracy and the repeatability with 
which the described microtomography system produces attenu
ation coefficient numbers have to be assessed. To that end, we 
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Fig. 2. (a) Radiographic image of a vial of acetone. (b) Tomographic crosS 
section. (c) Image indicates two regions from which attenuation coefficient 
values were measured. (d) Spatial variation of attenuation values; each 
data point is the average of the values within the indicated regions in (c). 
(e) Longitudinal variation of attenuation values. See text for more details. 

studied the drift in the obtained attenuation coefficients of a ho
mogeneous medium (in this case, acetone contained in a vial) 
both spatially and longitudinally. 

Fig. 2 summarizes the results of this study. To examine the 
variability of the obtained values spatially, the averages of the 
attenuation coefficients within two regions of interest [Fig. 2(c)1 
were computed over a number of slices. The offset between the 
two curves in Fig. 2( d) is attributed to the beam-hardening ef 
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jeet, a phenomenon observed when using polychromatic X-ray 
sources. In the energy ranges used for diagnostic imaging and 
nondestructive evaluation, the linear attenuation coefficient for 
many materials decreases with energy. This causes a preferen
tial absorption of low energy X-ray photons, resulting in the re
maining beam becoming proportionately richer in high-energy 
photons. In other words, the mean energy associated with the 
X-ray spectrum upon exiting the vial, is higher than that associ
ated with the incident spectrum. This effect is pronounced along 
the periphery of the vial, where the exiting higher energy X -rays 
produce higher X-ray attenuation coefficient values. 

The coefficients of variation over all the cross sections are 
0.5% for the lower graph and 0.4% for the upper graph. For lon
gitudinal analysis, the same vial of acetone was scanned over a 
ten-day period at irregular time intervals. Each data point on the 
plot of Fig. 2( e) represents an average of attenuation coefficient 
values over both of the indicated regions, as well as over 20 cross 
sections. The corresponding coefficient of variation for each of 
the data points is also shown on the same plot. It is observed that 
the produced values of attenuation coefficient are quite stable 
within the first decimal place, both spatially and longitudinally. 

C. Optimal Scanner Operating Point 

Once the accuracy and the repeatability of the scanner 
output values were assessed, attention was turned toward 
evaluating the discriminatory power of the measured attenu
ation coefficients for contaminant recognition. To that end, 
three contaminant types were chosen: seed-coat fragments, 
barks, and polypropylene-based plastics. The choice of these 
contaminants over other types is justified because they can 
readily survive the ginning process and show up in the yam and 
the finished fabric. Samples prepared by manually inserting 
multiple varieties of these trash types in precleaned cotton lint 
were then presented to the scanner. 

As mentioned above, the measured values of the attenuation 
coefficient are 'a strong function of material density and effective 
atomic number, as well as the energy of the incident X-ray beam. 
The energy of the beam is, in turn, directly dependent on the 
source voltage and current. Therefore, we set out to establish an 
optimal operating point of the scanner in the presence of these 
samples. The optimal operating point is defined as that value 
of source voltage and current for which maximum contrast is 
achieved. Contrast, in the context of CT, is simply defined as 
the difference between features measured from the foreground 
and background materials, i.e., 

(1) 

where J.I, f represents the attenuation coefficient of the fore
ground (i.e., trash), and P.b represents the attenuation coefficient 
of the background, i.e., cotton. Representative samples of trash 
belonging to the three classes placed in precleaned cotton 
lint were scanned at regular intervals of voltage and current 
across the operating range of the scanner. The choice of the 
particular variety of cotton used [9] was based on its extra-long, 
strong and fine fibers and its minimal impurity content after 
processing. The results of these scans are presented in Fig. 3. 
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Fig. 3. (a) Effect of change in X-ray energy levels on attenuation coefficient 
values (JI f ) of seed-coat fragments. Values plotted represent the mean value of 
the trash as generated after manual segmentation. Effect of change in X-ray 
energy levels on attenuation coefficients of (b) bark, (c) polypropylene, and 
(d) all the classes with respect to background cotton. 

The following procedure was adopted in generating the 
results of Fig. 3. For every volume scanned, a subset of the 
slices was chosen (roughly, 6-10 slices per volume)_ The 
trash present in these cross-sectional slices was then manually 
segmented, and the mean attenuation coefficient value was 
calculated. Though this approach does not account for the 
attenuation coefficient variations that one might expect to see 
within the body of the trash, it was considered acceptable since 
the purpose of the experiment was solely to determine the 
general effect that changing X-ray beam energy levels have on 
the measured attenuation coefficients of the trash. Great care 
was taken to ensure that slice registration was maintained and 
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Fig. 4. Introduction of noise in lower energy scans. (a) Slice containing poly
propylene scanned at a low energy level (20 kY, 300 ItA). (b) Same slice scanned 
at higher energy level (20 kY, 800 II.A). An increase in the tube current causes 
an increase in the X-ray photon density, and a corresponding reduction in noise. 

exactly the same slices were used for segmentation in every 
volume. 

A study of the plots of Fig. 3 and the contrast measurements 
revealed that maximum contrast difference between the three 
classes and cotton is achieved at lower voltage levels. How
ever, there were a few issues that needed to be resolved for 
low-energy scans. Firstly, as the lowering of the X-ray beam 
energy causes an increase in the perceived attenuation coeffi
cient values, it simultaneously causes a large number of low in
tensity background features to become visible. This is a serious 
problem, which would be expected to complicate thesegmen
tation process. There is, however, an advantage to this phenom
enon, which makes it desirable to scan cotton at very low en
ergy levels. A low-energy scan allows for the detection of very 
low-density cotton neps (fiber entanglements), a major source 
of concern to the cotton industry. The second problem encoun
tered in low-energy scans relates to the appearance of uniform 
noise throughout the slice (see Fig. 4). This noise may be at
tributed to the reduced number of photons emitted by the source 
at lower current levels, and may be eliminated to a degree by 
raising the tube current setting at constant tube voltage. There
fore, it was concluded that the optimal scan be performed at 
the voltage level where the highest contrast may be obtained, 
20 kY, and the current setting that ensures the largest number 
of photons impinging upon the object surface, 1000 ItA, so as 
to allow for maximum separation between the three classes of 
trash, while minimizing the noise introduced. 

III. SEGMENTATION AND CLASSIFICATION 

Once the optimal operating point was determined, we turned 
our attention to the segmentation process. As in the earlier case, 
seven volumes containing all three classes of trash were scanned 
at the chosen operating point. Each cross-sectional slice of the 
volumes was then segmented manually, and the pieces of trash 
within the cotton were separated. The distribution curves of the 
attenuation coefficients for each trash class were generated. An 
identically similar procedure was adopted for the generation of 
the distribution curve for background cotton. A normalized ver
sion of these curves is shown in Fig. 5. Observations made about 
these distribution curves include the following. 

1) Of the three classes, polypropylene is the only man-made 
contaminant. Therefore, as expected, its distribution 
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Fig. 5. Normalized distribution curves of the attenuation coefficients for the 
three classes of trash (via manual segmentation). 

shows very little variation in attenuation coefficient 
numbers. 

2) Seed-coat fragments show a high variance in attenuation 
coefficients. This may be attributed to the composition 
of the seed coat, which consists of a high-density shell 
covered on the exterior by dense, short cotton fibers. 

3) There appears to be a minimal overlap between the dis
tribution of the background cotton, and the trash classes. 
This allows us to effectively segment the trash from the 
background by the application of a threshold. An auto
mated procedure for generating this threshold value is dis
cussed in the following section. 

A. Automated, Adaptive Threshold Generation 

The operation of the thresholding algorithm is based on the 
premise that trash content in any given sample of ginned cotton 
is between 5 %-1 0% of the entire volume [9]. This number drops 
to fractional values for cleaned cotton. The algorithm centers on 
the isolation of the background from the trash by using the mean 
value of the entire volume (trash and background cotton to
gether) as the feature for comparison. The mean attenuation co
efficient value of the volume consists of contributions from both 
the trash (comprising 5%-10% of the volume) and the back
ground (comprising 90%-95% of the volume). This a priori 
knowledge allows us to make two crucial observations. 

1) The mean attenuation coefficient value as computed for 
a contaminated cotton sample would most certainly be 
higher than that computed for a clean sample of cotton. 
However, due to the overwhelming majority of cotton in 
the volume, this value would only be slightly higher than 
that computed for a sample of pure cotton. 

2) In order to see how the dependence of the mean value 
on the intra-class variations is removed, consider that the 
contribution of the trash to the computation of the mean 
value is extremely limited owing to the low trash content. 
Thus, regardless of the trash type present in the volume, 
the change in the mean value is negligible. 

The procedure then used for calculating the threshold is as 
follows. 

1) Compute the mean value for the entire volume. 
2) Fragment the entire volume into nonoverlapping blocks 

of size I X m X n. The purpose of fragmenting the volume 
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Fig. 6. (a) Attenuation coefficient value distribution for the background 
isolated by the thresholding algorithm. Threshold is placed at four standard 
deviations from the mean of the distribution. (b) Segmentation reveals trash of 
interest, as well as the presence of many smaller impurities, e.g., cotton neps 
and those that may have survived the cleaning process. 

into blocks is in order to isolate the blocks that are known 
to contain only the background. 

3) If the mean value of a block is lower than the mean value 
of the entire volume, save the attenuation coefficient 
values within that block. This ensures that the values 
saved represent only the background, since the presence 
of trash would raise the mean value of the block notice
ably. 

4) Compute the threshold value by modeling the cotton dis
tribution. Such a distribution is shown in Fig. 6(a). It can 
be seen that it very nearly resembles a normal distribution, 
and may be characterized by its mean and standard de
viation. Using this approximation, maximum likelihood 
estimates of the mean and standard deviation were ob
tained. For the modeled Gaussian distribution of back
ground cotton, a threshold at four standard deviations 
from the mean ensures the near complete removal of the 
background cotton. The result of the application of such 
a threshold is shown in Fig. 6(b). 

As mentioned earlier, a volume scan at low energy levels 
results in an increase in the perceived attenuation coefficient 
values and a corresponding increase in contrast. This phenom
enon, however, causes the appearance of a number of smaller 
impurities in the background cotton; see Fig. 6(b). The majority 
of these impurities are either cotton neps (usually spherically 
shaped), or the fragmented remnants of larger impurities that 
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Fig. 7. Normalized distribution curves of the attenuation coefficients for the 
three classes of trash (via adaptive thresholding). 

have endured the entire cleaning process. Neps are a source of 
much concern to the cotton industry due to their resistance to the 
dying process and the problems caused in yarn formation. The 
ability to locate and to quantify neps in this manner will prove 
to be a valuable tool to the cotton industry. 

B. Feature Extraction 

From the given setup, there exist two primary areas from 
which features may be extracted, i.e., attenuation coefficient (in
tensity) values, and the spatial (shape) information. An explana
tion of the features used for the same is provided below. 

1) Attenuation Coefficients: Typical attenuation coefficient 
curves for the three classes of trash are shown in Fig. 5. These 
curves, which are normalized, represent the distribution of the 
different classes after manual segmentation. In reality, however, 
segmentation as performed by adaptive thresholding produces 
much different curves (see Fig. 7). 

When a piece of trash is placed in cotton, the pressure created 
by the cotton pushing against the sides of the trash causes the 
density of cotton surrounding the trash to increase. This results 
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Fig. 8. When a piece of polypropylene (a) is placed in cotton, its surface 
texture is distorted (b) due to the presence of peripheral cotton, disallowing the 
use of surface texture features. 

in the inclusion of some of the background cotton along with 
the trash when the threshold is applied. This unwanted cotton, 
which we will henceforth refer to as "peripheral cotton" causes 
two distinct problems. 

I) Due to the unpredictable distortion introduced in the 
attenuation coefficient distribution curves, mathematical 
modeling of the curves becomes intractable. 

2) The peripheral cotton, which is distributed equally in all 
directions, causes a distortion of the surface texture of the 
trash. This disallows the use of surface texture features in 
the classification procedure (see Fig. 8). 

For these reasons, it was the goal for the longest time to de
vise a method to remove this peripheral cotton. However, due 
to the immense variability seen in the sample composition and 
thickness, the results obtained were extremely variable, and the 
efforts were largely unsuccessful. The only common trend that 
was observed in this study was the distinct shape and low spread 
of the polypropylene distribution. Therefore, from Fig. 5, one 
could at best use attenuation coefficient values in their present 
form in the separation of polypropylene from the other classes. 
This has been achieved as follows. 

The attenuation coefficient distribution curve of a trash 
sample is first normalized so that the maximum height of the 
curve is unity, i.e., 

- Y Yl = max(Y) 
(2) 

and the mean value of the elements is calculated. Note that this 
operation is performed on the elements of the distribution curve, 
and is independent of the voxel size of the trash sample. 

The mean value of Yl is calculated as 

Mean value = LYl.P[Yl] (3) 

where 

P[yd = j!l_ 
DYI 

(4) 

represents the probability density function of the curve. The 
mean value is very effective in separating the low average at
tenuation trash types (polypropylene and possibly cotton neps) 
from the higher attenuation coefficient trash types (bark and 
seed-coat fragments). Since this particular feature is dependent 
solely on the attenuation coefficient values, the mean values for 
cotton neps are very similar to those of polypropylene. 

2) Elongation: As explained earlier, the peripheral cotton 
causes a distortion of the surface features, rendering surface tex
ture analysis ineffective. However, this peripheral colton sur
rounds the trash sample uniformly in all directions and, there
fore, does not greatly affect the general shape of the trash. A 
shape measure used for class separation is then calculated using 
the Hotelling Transform [10] and is based on the statistical prop
erties of vector representations. 

The 3-D coordinates of the voxels constituting the trash 
sample are treated as random variables, and are represented by 
the 3-D vector 

x = [x y z] (5) 

where x, y, and z represent the vector coordinates in the spatial 
domain. The mean vector of this vector population is defined as 

mx = E{x} (6) 

where E { .} is the expected value of the argument. The covari
ance matrix is calculated as 

(7) 

where T indicates vector transposition. Because x is 3-D, ex is 
a matrix of order 3 x 3, with eigenvectors X and eigenvalues ,\ 
obtained from the solution of 

(8) 

The eigenvectors of the covariance matrix represent the direc
tions of the three axes along which the voxels have a maximum 
spread (greatest variance). The corresponding eigenvalues give 
the relative spread along the three axes. 

The ratio of the maximum eigenvalue Amax to the minimum 
eigenvalue Amin can be thought of as a measure of the length 
of the object to its width. This ratio is called the "Aspect ratio," 
and is defined as 

A 
. Amax 

spect ratIo = ~. 
A n11n 

(9) 

In the next section, a classification strategy based on these 
two features is presented. 
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C. Feature Analysis and Classification 

Given the nature of our problem, and the relatively large 
amount of information already known about the trash types, it is 
easy to see that an optimal classification scheme would involve 
the use of a rule-based classifier. However, a major foreseeable 
flaw in such a scheme is that the rules are based entirely upon 
rigid thresholds and, unless the features offer excellent separa
tion, it may be prone to failure. Furthermore, such a scheme is 
relatively inflexible to the addition of other classes. 

In view of these shortcomings, a fuzzy-logic-based classifica
tion scheme was considered [11]. Fuzzy logic provides a good 
blend of rule-based classification with the flexibility to include 
many classes of data, and is relatively simple, both in concept, 
and in implementation. Given the fact that the majority of the 
trash classes under study are organic in nature, it is reasonable 
to expect a large variation in shapes and attenuation coefficients 
of objects belonging to each class. This is reflected in the ob
served overlap between the various classes (Fig. 7). Thus, in 
the absence of a crisp distinction between the four classes (in
cluding cotton neps), it makes logical sense to use a classifica
tion procedure that provides us with information about the par
tial membership of a given object to a class, i.e., to what class 
the particular object most likely belongs. 

Fuzzy logic is based on the concept of membership functions. 
Membership functions are real-valued functions (lying in the 
range [0,1]) used to describe the distribution of features in the 
feature space. The functions are generated from the feature dis
tribution, and they span the entire length of the feature space. 
The features (namely, the mean value of the attenuation co
efficient distribution curve, and the aspect ratio), as measured 
for a test set of fifty contaminated cotton volumes containing 
160 trash samples, and the corresponding membership func
tions generated using them are shown in Fig. 9. The membership 
functions are based upon the distribution of features in the fea
ture space, and represent the linguistic variables high and low. 
The functions were approximated using sigmoidal functions, 
and may be modified to include any variations introduced by 
the addition of more samples. Similar membership functions are 
used to describe the output membership functions. In the case of 
the output membership functions, however, Gaussian distribu
tions symmetric about the output feature space [0,1] were used. 
It is probably well worth reiterating at this point that a simple 
thresholding procedure would produce nearly identical results 
to those obtained by fuzzy classification. However, a thresh
olding scheme is avoided for the reasons elaborated above. 

The fuzzy classifier also includes conditional statements, re
lating the input and output membership functions. These if-then 
statements are based on the a priori knowledge and describe 
the relationship between the input and output classes. The input 
conditional statements themselves are connected using fuzzy 
logical operators (logical intersection (AND), logical union (OR), 
etc.) In the case of cotton contaminants, one of the if-then state
ments used is as follows: "If the mean value is high, AND the 
aspect ratio is high, then seed-coat fragments is low, bark is low, 
cotton neps is low, polypropylene is high". 

The above statement states that if mean value (of the normal
ized attenuation coefficient distribution curve) of a given trash 
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Fig. 9. The two features measured from 160 trash samples [(a) and (c)] were 
used to generate the membership functions [(b) and (d)] used in the fuzzy 
classification process. (e) The membership functions used for each of the 
output classes. 

sample is high, and the aspect ratio is also high, then the proba
bility of the sample belonging to the class polypropylene is high, 
whereas the probability of the sample belonging to any of the 
other three classes is low. Similar if-then statements are gener
ated for the other three classes (bark, polypropylene, and cotton 
neps), and are as follows. 

• "If mean value is low and aspect ratio is low, then 
seed-coat fragments is high, bark is low, cotton neps is 
low, polypropylene is low." 
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"If mean value is low and aspect ratio is high, then 
seed-coat fragments is low, bark is high, cotton neps is 
low, polypropylene is low," 

• "If mean value is high and aspect ratio is low, then 
seed-coat fragments is low, bark is low, cotton neps is 
high, polypropylene is low." 

These conditional statements are used in a three-step fuzzy 
classification procedure. The first of these steps is the fuzzifica
tion process, wherein the features are analyzed to determine the 
degree of membership for each of the conditional statements. 
The outputs of this procedure are two fuzzy subsets, which are 
then combined using the fuzzy logical intersection (AND) oper
ator to generate a single fuzzy subset. This process is known as 
aggregation. The final step of the three-step procedure involves 
a process known as defuzzification, wherein the fuzzy subset is 
resolved to produce a single number. The most popular defuzzi
fication method is centroid calculation, which returns the center 
of area under the curve. Application of this procedure for all 
four of the if-then statements results in a set of four numbers. 
This set indicates the probability of the given sample belonging 
to each of the four output classes. Based on the output proba
bilities, the object is assigned to either one or more classes. The 
results of this fuzzy classification procedure are discussed in the 
next section. 

IV. RESULTS 

As mentioned above, the test set used to measure the effec
tiveness of the features and the classification strategy consisted 
of 50 contaminated volumes with approximately 160 trash sam
ples of known classification. The image acquisition phase con
sists of an X-ray scan performed at 20 kY, 1000 tLA. This is 
followed by slice reconstruction using the software provided 
with the CT scanner. Next, the adaptive thresholding proce
dure is applied to the volume created by stacking these slices 
together in order to segment the trash samples from the back
ground cotton. A connected-component labeling algorithm is 
then applied to the volume to separate the trash samples. The 
labeled trash samples are then presented in the form of a 3-D 
plot to the user, who may interactively select any individual 
sample for identification. 

Upon selection of the sample, the two features, namely, the 
mean value of the normalized attenuation coefficient distribu
tion curve, and the aspect ratio, are computed. The results of 
these measurements for the 160 trash samples are shown in 
Fig. 9. It is evident from Fig. 9(a) that the expected value is 
very effective in separating the low average attenuation trash 
types (polypropylene and cotton neps) from the higher atten
uation coefficient trash types (bark and seed-coat fragments). 
Fig. 9(c) shows the aspect ratio as measured for all trash sam
ples. For the purpose of clarity, the graph has been truncated 
to display aspect ratios in the range 0-200. It can be seen from 
the graph that the values obtained for compact shapes such as 
seed-coat fragments and cotton neps are located within the 0-20 
range, whereas the values obtained for polypropylene and bark 
are much higher, indicating their longer, slender shape. 

Out of the 160 trash samples, we were able to correctly clas
sify 154 samples, thus achieving a 96% correct classification 
rate. It should be noted that these preliminary results are not 

only promising but they far surpass those achieved by using any 
of the present-day technologies. 

V. CONCLUSION AND CURRENT WORK 

We have shown, through our research, that tomographic 
image analysis may be applied with a high degree of success 
to noninvasive evaluation of cotton for the recognition of 
contaminants. 

Currently, the process of generating an X-ray image stack is 
somewhat time consuming. Due to the limitations of the X-ray 
source and detector, the host processor speed, and self-imposed 
constraints on image quality, we are relegated to scan times on 
the order of 15-20 min. However, it should be noted that, even 
in its current form, this system successfully addresses the de
mand in the cotton industry for an offline, reference method for 
trash assessment. That being said, there has been a concerted 
effort on our part to improve the speed and effectiveness of the 
application. There is also an ongoing effort to generalize some 
of the algorithms currently used. In what follows, we outline the 
direction of our current research efforts in this area. 

1) One aspect of our current research involves studies to test 
the effect of reduction in the number of scan projections (a 
corresponding increase in efficiency) on the classification 
rate. To this end, an effort is currently underway to use 
two-dimensional projections for contaminant detection, 
thus allowing for an online procedure. 

2) The pursuit of an effective segmentation strategy to re
move the peripheral cotton surrounding the trash samples 
is still underway. This generalization will allow for a more 
robust technique that may be extended to different trash 
types, different background cotton conditions, and will 
allow for the extraction of more features for the classi
fication procedure. 

3) Another topic of current research involves the inclusion 
of more classes [e.g., leaves, boll covering (carpel wall)] 
for classification. This will require the generation of more 
features, a requirement that could be satisfied by the re
moval of peripheral cotton from trash samples. 

The near future holds a great promise for this technology. 
With the rapid progress in the area of tomographic imaging, 
there is no doubt that the real-time scanning and reconstruc
tion of volumes will soon become a reality. We believe that this 
procedure, when realized in real time, will have a profound im
pact on the cotton cleaning process, and indeed on the economic 
value of cotton. 
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