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ABSTRACT

We consider a feature selection method to detect skin tumors on chicken carcasses using hyperspectral
data. A chicken skin tumor is an ulcerous lesion that is surrounded by a rim of thickened skin. Detection
of chicken tumors is a difficult detection problem because chicken tumors are of many sizes and shapes;
some tumors appear on the side of chicken. In addition, different areas of normal chicken skins have a
variety of hyperspectral response variations, some of which are very similar to the spectral responses of
tumors. Similarly, different tumors have different spectral responses. Thus, proper training is needed and
many false alarms are expected. Since the spectral responses on the lesion and thickened skin regions of
tumors are considerably different, we train our feature selection algorithm to detect lesions and thickened
skin separately; we then morphologically process the resultant images and we fuse the two detection
results zo reduce false alarms. Forward selection and modified branch and bound algorithms are used to
select a small number of features that are useful for discrimination. Initial results show that our method
has a good tumor detection rate and a low false alarm rate.

Keywords: feature reduction, feature selection, hyperspectral data, product inspection.



1. INTRODUCTION

Hyperspectral (HS) image data is high-dimensional data that contains more than a hundred
images in narrowly spaced spectral bands (A). It has been shown that use of hyperspectral information is
useful for detection of objects in military applications such as detecting military vehicles [1, 2] and mines
[3], for land use applications [4], and for many USDA product inspection applications [5-12]. This occurs
since HS data provides spectral information that uniquely characterizes and identifies the chemical,
moisture, and physical properties of the constituent parts of an input object, scene region, or an
agricultural product. Hyperspectral data has successfully classified: internal-damaged almonds from
normal ones [5], aflatoxin-infested corn kernels from good ones [6-8], vitreous durum wheat kernels from
non-vitreous durum ones {9], and fecal contaminated chicken carcass from clean ones [10-12].

One of the main problems in classification of high-dimensional data is that there are often not
enough samples in the training data. It is generally accepted that the required number of training samples
must be at least ten times the number of features or in this case input A spectral samples per class [13] if
one wants to be able to accurately predict the class of an unknown sample. This phenomenon is known as
the curse of dimensionality. Thus, use of hyperspectral data requires more than a thousand training
samples per class in order to cope with the curse of dimensionality. In general, this number of samples is
quite difficult to obtain. Thus, it is necessary to reduce the number of features by either feature extraction
or feature selection techniques. Feature extraction refers to algorithms that map all of the original
features into a few features (each of which is a function of all original features), and feature selection
refers to algorithms that select a small subset of the input feature set (use of only several A features) to use
for classification. Feature selection is preferred to feature extraction because HS data acquisition systems
then only need data from a few A bands (this provides faster data acquisition and a less expensive system
that requires fewer filters or simpler laser diode light sources). Thus, we consider a new feature selection

algorithm developed earlier at Carnegie Mellon University [14]



[n this report, we discuss the use of feature sclection on hyperspectral images for the detection of
skin tumors in HS images of chicken carcasses. A chicken skin tumor is a round ulcerous lesion that is
surrounded by a rim of thickened skin [15]. Figure 1 shows a 1400 x 1500 pixel color image of a chicken
carcass with 14 tumors present. Figure 2 displays the 554 nm wavelength band image of the samg carcass
with all tumors numbered and marked by rectangles,  The images in HS data are gray-scale and
correspond 1o reflectance data of the object; the image in cach A spectral band is affected by the skin
color, shading. and slope of each local region of (he carcass.  Figures 3a. 3b, 3¢ and 3d are enlarged
images of the wmors numbered 10, 11, 6 and 14 respectively in Figure 2. Chicken skin tumors vary in
size from 4x2 pixels to more than 40x25 pixels. In a single gray scale HS image at one A, such as Figure
2. the central ulcerous Iesion regions of tumors appear as bright regions. as scen in Figure 3a and 3h, and
the thickened skin surrounding the lesion regions appears as dark-gray rings as shown in Figure 3a and
3b. When tumors occur on the side of the carcass. they appear elliptical and are very small. Such tumors

arc shown in Iiigure 3¢ and 3d. Thus. detecting chicken skin tumors is a difficult problem.

Figure 1. A color image of a chicken carcass with skin tumors



Figure 2. The 554 nm wavelength band image of the carcass shown in Figure 1 with all tumors

numbered and marked by rectangles.

(a) (b) (c) (d)

Figure 3. Enlarged images of the tumors numbered 10, 11, 6 and 14 respectively in Figure 2.

Prior work on detection of chicken skin tumors using HS data considered the statistical properties
(mean, standard deviation, skewness, kurtosis, and coefficient of variations) of HS images in three
selected bands (A) [16]. Principle component analysis was applied to hyperspectral images of normal and
tumor regions to produce the first 10 PCA cigenimages. The eigenimage with the best contrast and

differences between tumor and normal regions was analyzed to find the three bands with the most



important (largest) coefficients contributing to that eigenimage. The three 465 nm, 575 nm, and 705 nm
bands were used. A square grid with a mesh size of 64x64 pixels was placed over each HS image with
each pixel corresponding to a sample area of 0.1 mm?. Statistical features (mean, skewness, kurtosis, and
coefficient of variation, defined as (standard deviation / mean) x 100) were calculated within each square
in this grid were calculated and used as inputs to fuzzy classifiers. The fuzzy inference process was
implemented with three operations: (1) fuzzify numerical statistical inputs into input membership
functions based on observations; (2) apply fuzzy operators to the antecedents of the rule base; (3) evaluate
the consequent portion of the rule [16]. The fuzzy classifiers classify each grid region into one of the two
categories: normal or tumorous skin. Use of three features (coefficient of variation, skewness, and
kurtosis) gave successful detection rates of 91% and 86% for normal and tumorous skin tissue region,
respectively. However, the grid size is too large for our database since some skin tumors in our database
consist of only 10 to 20 pixels. This emphasizes the need to classifying each pixel individually. Kim et
al [17] approached the problem differently. They computed the maximum intensities, slopes, and ratios
of maximum intensities in several specific wavelength bands for each pixel and used them as features for
a linear classifier. Three features were chosen by inspection of the spectra of the training data; as a result,
these features are not guaranteed to give the best solution. A simple unspecified linear classifier was
used. Image pixels were classified into either tumor or normal class. Normal-class pixels that were
misclassified by the linear classifier as tumor-class pixels were referred to as false alarms. Morphological
image processing was applied to the resultant binary 2-class image to remove false alarms. 31 of 41 skin
tumors (76%) were detected with 12 false alarms. Fluorescence images were used in this work. They
used 10 images of chicken carcasses, our 2 images were in this set; but the sensor used was different.
They used 48 tumor pixel samples, but it is not clear if these were from all 41 of the tumors.

Our database contains HS reflectance images in a total of 65 spectral bands (A) ranging from A =
425 to 711 nm. We show the spectral responses of some of the tumor regions in Figure 4. These are the
responses at one pixel in the lesion regions of tumors numbered 6, 10, 11 and 14 in Figure 2 (or Figure

3¢, 3a, 3b and 3d, respectively). From Figure 4, the spectra of the lesion regions of tumors have similar



relative shapes but varying intensities. This is expected because tumors appearing on the side of the
carcass (tumors numbered 6 and 14) reflect the light away from the HS sensors resulting in lower
intensities than those of tumors appearing in the middle of the carcass (tumors numbered 10 and 11).
This emphasizes the need to normalize the response at every pixel in the database before training or
testing. The response at each data pixel is normalized by dividing its response by its average wavelength
response. Figure 5 shows the normalized version of the spectra in Figure 4. This data indicates that the
spectral responses of the lesion regions of different tumors are not exactly the same, and thus one must

carefully select the training set pixel database to represent all tumors.

Spectra of the lesions of tumors in Figure 2.
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Figure 4. Non-normalized spectra of the lesions of tumors in Figure 2.






