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INTRODUCTION

* |[mage textures are perceived patterns, variations, and
randomness across image pixels.
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Figure 2. Examples of texture in medical images
(a) Infrared breast image, (b) mammogram, (C) microscopy
of prion protein distribution.

* |maging analysis technigues often rely on guantitative
measurements of textures to quantify disease status.

« Measurements of texture are called texture features,
and depend on spatial relationships of the pixel values.

* [t Is unclear If quantitative texture features are capable
of distinguishing tumorous regions from healthy tissues
In thermal Images, and If they are robust across a
range of patient characteristics.

OBJECTIVES

Investigate the ability of 39 texture features to distinguish
tumor regions Iin thermal breast images from healthy
tissues, and study their reproducibility across multiple
patients. Determine the effects of grid size (area over
which texture feature Is computed) on the ability of a
texture feature to identify tumor regions.

HYPOTHESES

 Texture measurements of a tumor region are
statistically different from those of the corresponding
healthy region on the other breast.

« Because cancerous and healthy tissues cool at
different rates over timel3l, the absolute difference of
the texture measurement between the left and right
breasts should be larger when compared to the
absolute difference between two healthy regions.

* A high standard deviation over time for the absolute
difference In a given area indicates a high variablility
between the left and right breasts and the possibility of
one of the breasts having a tumor.
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Figure 3: Developed algorithm flowchart illustrating the major steps.

39 texture features from: 1) Gray-Level co-occurrence matrix 1 (at quantization
level = 256, and offset = 0 degrees, pixel-neighbor distance = 1), 2) Laws’
texture energy!l? measures, 3) first-order Intensity Histogram measures, and
4) three other statistical measures.

RESULTS

» Each texture feature was evaluated for its reproducibility across three patients.

* Features, such as cluster shade, identified the tumor region In two patients
with grid size 20 by 20 pixels, but did not succeed when the grid size was
iIncreased to 40 by 40 pixels.

» Other features, including skewness and kurtosis, identified tumorous regions In
two patients when only a larger grid was used.

Table 1: Effect of grid size

and threshold level on the _ Threshold

ability of texture features to | Grid Size 10% 20% 30% 40%
identify tumor region (Hits | 20x20 pixels No hits No hits No hits No hits
ROI). This Is an example for . . . . .
Law’s Edge-Edge (EE) 30x30 pixels | Hits ROI Hits ROl Hits ROl Hits ROl
texture feature tested on | 40x40 pixels No hits No hits Hits ROI Hits ROI

one patient.
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Figure 4. Ability of 39 texture features to locate tumorous
regions Iin three breast cancer patients, across various grid sizes
and threshold levels. The color codes show the number of
patients with successfully identified tumorous regions.

CONCLUSION & FUTURE WORK

« We Investigated the effect of grid size on the
repeatability (within the patient) and reproducibility
(between patients) in each of the 39 texture features to
identify tumor regions in three cancer patients

* We found some features performing better at larger grid
size, In contrast to others.

 To draw meaningful conclusions, future work involves
testing the proposed algorithm on more breast cancer
patients.

* The goal Is to examine the suitability of texture features
In 1dentifying tumor regions on thermal images, and
possibly to isolate a subset of candidate features.
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