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CONTEXT

Texture and color low-level features are an important part of microscopy image analysis

e particular case of histological datasets : color plays a specific role due to

the staining process

e the quality of low-level features is essential for all image analysis processes

e how should we combine color and statistical texture informations ?

e two main approaches : joint or separate assessment

APPROACHES

Local Binary Pattern Proposed variants

e gray scale image G of w X h pixels e extend the rotation invariant and uniform approach to the soft LBP ver-
sion via a look-up table : better texture representation, lower dimension-

e the neighbourhood of a given pixel (x,y) is defined by a number P of X
ality

equally spaced pixels on a circle of radius R.
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e intensities of neighbour pixels G(N,(z,y)) are obtained by bilinear inter- e apply SLBP on color quantization membership images
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Other tested approaches

Improved version : soft thresholding approach for the intensity differences . ..
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EVALUATION
Datasets
Desc. GLOMDB | LG6MAL | LYMPH Conclusions
e three diversified histological datasets Random 0.503 0572 0.341
e different organ tissues, purposes, staining, imaging, variability ITH2H 533 0.850 0.736 0.546 o
, | [1H2H35 0.886 0.820 0578 o SLBPriu is the best texture feature on grayscale
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O | | 2\ iBp. 0703 00 | osoe ¢ high variability (LYMPH) : extract color and
Glomerulus Not glomerulus ~ | SLBP 0.919 0.949 0535  texture features separately and concatenate
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o | | SQCLBP 0.937 0.954 0.632 ICY _ _
Female Male CCOM 0.933 0.825 0.633 TextureSegmentation V1.0.0 Toy plugln available for
e soft margin SVM with triangular kernel @S“Lfg;)ll:'(;stcmor the ICY Image anaIVSIS
L . software
a B e only a few training examples R -
= TR e free and open source
>~ e Mean Average Precision measure (MAP) SVM
“ e triangular  linear gamma e SLBPriu implementation

o I1H2H3 color space : [1 =S8 2 = R — G and H3 = % — B,

e semi-supervised texture segmentation plugin

dépasser les frontiéres




