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Overview

e Motivation:

Detection of Melanoma with Computer-Aided Diagnosis System;

e Methodology:

Graph-cut Based Image Segmentation Framework with “Soft”
Classification and Multiple Visual Features;

 Applications:

Segmentation of Melanoma:
e Skin Chromophore Extraction

e Automatic PSLs Segmentation (APS) Framework

 Conclusion and Perspectives.
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Our work is motivated by the development of efficient cad diagnosis system of melanoma, a most fatal skin cancer


What is melanoma and why early diagnosis vital ?

A Melanoma is the deadliest type of skin v’ Prognostic Analysis: Clark Levels
cancer.
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Clark, describes the
thickness of a melanoma in relation to its penetration into the skin layers where level I represents
intraepidermal growth, i.e. in-situ, level II a few cells in the papillary dermis, level III occupation
and expansion of the papillary dermis, level IV invasion of the reticular dermis and level V invasion
into subcutaneous fat


How to diagnose?
v' Computer-Aided Diagnosis (CAD)
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Dermoscopic structures include pigment network, dots,
globules, branched streaks, streaks, structureless areas, blotches,
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Melanoma C A D S

e Methodology:

Graph-cut Based Image Segmentation Framework with “Soft”
Classification and Multiple Visual Features;

Segmentation ot Melanoma

A »
g IJ 4



演示者
演示文稿备注
Our work is motivated by the development of efficient cad diagnosis system of melanoma, a most fatal skin cancer


Graph cuts based segmentation
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The user marks certain pixels as ‘object’ or ‘background’ to provide hard constraints for segmentation. Additional soft constraints incorporate both boundary and region information are described as energy function.
"data energy" penalizes solutions that are inconsistent with the observed data, whereas the other

term called "smoothness energy" encodes smooth constraints of the spatial coherence


State-of-the-art methods by graph cuts

» Boykov-Jolly’s method:
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Drawbacks of graph-cut segmentation and our solutions

» Tuning of parameters A and o;
» Hard constraints ) Soft constraints:
> Definition of data term ™) color, texture, shape features;

Initialization Segmentation Ground Truth

> Selection of seeds m) Auto-Seeding for Melanoma.
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Tuning of parameters is always a problem for optimal solution, inappropriate choice of parameters can result unsatisfied segmentation. 
Selection of seeds is subjective, segmentation by Boykov-Jolly graph cuts is less robust to both quantity and location of seed, especially for the location, since a small number of seeds will result in a smallest cut that encompasses only the seeds. 
By setting weights of t-links either zero or infinity, hard constraints adopted can help to segment desirable object as unacceptable solutions are discarded and the search space reduces. However, as foreground and background of a color image 


Graph cut: influence of parameter A

» Parameter A (Balancing Coefficient)
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Lambda can be estimated via empirical approaches efficiently by optimizing performance against ground truth over a training set



Graph cut: influence of parameter o

» Parameter o in smoothness term of Boykov-Jolly approach
v’ Experimentson error-o subject to different levels of Gaussian noise
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A conclusion can be drawn from two figures is that if we set parameter sigma close to the value of standard deviation of an additive Gaussian noise, the error of segmentation will decrease to a certain extend, namely, segmentation results can be improved significantly.
More precisely, since sigma is closely related to the level of pixel intensity variation of a sample image, it is reasonable to let sigma be the average of absolute intensity difference between two neighboring pixels


Graph cut: soft constraint vs. hard constraint?




Data term

Schematic of our proposed multi-feature based graph-cut segmentation
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Data term: texture feature

v’ Local Binary Pattern (LBP) ¥ Original LBP

Original Image | LBP Image LBP Histogram
v \ ) — v" With Gaussian Smoothing (GLBP)
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Left figure shows the schematic diagram of LBP coding process, The original LBP operator was designed to label pixels of an input image by thresholding a 3x3 neighborhood of each pixel with the center pixel value, binomially weighting the thresholded neighbors and summing them up.
Right-below figures shows the advantage of using Gaussian filtering to increase the discriminative ability for large-scale texture (leopard-print). LBP code without Gaussian filtering is difficult to interpret while Gaussian filtering with appropriate filter size can improve the discriminative ability a LBP operator. Throughout this thesis, the combination of Gaussian filtering and LBP operator is denoted by GLBP.


Data term: shape feature

v" Neighborhood Template
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Since texture feature of an image is a local region-based property, it does not make sense to gather texture information based on a particular pixel without specifying a neighborhood around it. we introduce a neighborhood template (a sliding window) gathering feature information pixel-wisely. During the scanning
of this template, LBP code of each pixel in the neighborhood as well as its center pixel is collected in sequence to construct a feature vector. Though
neighborhood template was originally designed as a refined alternative of the block-histogram based LBP
feature configuration, it also shows excellent generalizability to other local pixel-based properties like color
information.The number of neighbors (size of the window) is fixed to 5 as a compromise
of low computational complexity in feature space and high discriminant spatially. Thus, the texture feature
configuration using neighborhood template is a 25-dimensional vector.
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Image information alone is not able to distinguish different texture 


Qualitative evaluation on natural color images

v' Comparison of different combination of features on different images

Image with Seeds Color
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Combination of color, texture and shape successfully recognize the distinct color and the texture pattern: the leopard-print of leopard, results in better segmentation.


Quantitative evaluation on natural color images

v" Comparison of different combination of features measured by error rate

Feature

Input image Classifior ~——_ Color | Color + LBP | Color + GLBP | Color+Temp | Color + LBP+Temp | Color + GLBP+Temp
Leopard SVM 50.99 46.07 42.75 12.86 12.31 11.84
RF 13.32 14.40 14.15 16.17 13.40 15.60
. SVM 27.24 17.76 26.98 15.40 14.62 13.10
Swimmer
RF 14.17 14.23 13.99 20.29 20.94 16.58
. SVM 127.78 107.92 109.20 70.59 6.53 23.23
Cross RF 15.43 12.90 12.50 4.00 3.99 4.04
Grave SVM 84.92 84.91 27.54 33.94 8.40 23.48
RF 7.28 7.11 6.67 8.39 8.29 7.61
Plane SVM 14.60 14.65 14.53 5.44 10.19 10.21
RF 18.97 11.32 22.48 18.73 18.48 6.78
SVM 17.53 10.08 12.25 1.66 2.85 2.82
Japanese - : . -
REF 2.89 2.87 2.13 1.94 1.63 1.52
Sheep SVM (62.92 66.40 57.63 25.88 27.87 20.66
RF 55.92 48.65 44.64 47.23 45.36 29.56
Boat SVM 36.86 36.84 36.84 144.98 15.11 9.64
RF 10.65 10.76 10.84 12.40 12.37 12.40

Blue color highlights the best performance by either SVM or RF
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SVM and RF shows comparative


Qualitative evaluation on natural color images

v' Comparison of our approach against state-of-the-art methods

Boykov-Jolly Lazy Snapping GrabCut 75 Our method




Quantitative evaluation on natural color images

v' Comparison of our approach against state-of-the-art methods

Error ¢ (%) Method
Boykov-Jolly | Lazy Snapping | GrabCut | Our approach
Input image
Texture 27.46 11.65 19.46 3.81
Leopard 37.22 55.95 47.16 11.84
Clraue 20 63 10 80 515 761
Cross 75.81 18.43 57.82 3.99
Swimmer 16.25 8.02 165.20 15.10
Plane 15.59 19.00 38.10 6.78
T']I’l"ITH‘&H‘ 6 33 h 20 A.08 1.52
Sheep 55.23 70.97 51.43 20.66
birds 19U 18,04 za.0U 10.52
Boat 18.60 17.17 10.58 9.64
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Our work is motivated by the development of efficient cad diagnosis system of melanoma, a most fatal skin cancer


Schematic of segmentation of melanoma

Image
Acquisition

Color/Multispectral
Images

Feature Extraction

Color <11r :
Skin

Texture Chromophore

Training e2eling

Classifier

Soft contraints

Graph-cut
Segmentation




Skin images

* Multispectral Image Acquisition:

‘ Control Cables 4@
C¢D

Campera 3 Multi-spectral images of melanoma (469x436 pixels) at

= 26 wavelength sampled equally from 450 nm to 700 nm.
e . o
e s vl \ * Pre-Processing: Calibration
‘Polarizer/’ Halogen lamp .. . . .
v" Removal of Inhomogeneities of illumination

* S v Validate the reproducibility of spectral

o L o o reflectance of skin.

skin lesion

S(\) — D

* RGB color image Sietf(A) — D




Skin Structure & Optical Property

Schematic of optical pathway in a 3-layered Based on Beer-Lambert Law, absorbance of skin

skin model model can be expressed for each pixel of skin
image as:
Light Source ——‘__ Polanzers — Digital Camera
Air r:fll‘slcilin feﬂectlon A(N) = log(1/R(N))
Epidermis J’Lfelanm ¢,.E, ()1, (l) OOUTCm
= enbo2(A)lHbo2(A)caboz + eub(A)lHb(A) enb + emel(A)IMer (A)emel
Dermis Ouyhemoglolin e ().1,(2) | 0.113em

Deoxy-hemoglobin
k4
3

Hypodermis 0.500cm
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Among various types of chromophores in human skin, melanin and hemoglobin are most important for understanding the skin color since they absorb light particularly in the visible wavelength range.

In Melanoma, melanocytes reproduce melanin at an abnormally high rate


®)

Chromophore extraction: Image-processing based approaches

RGB color space based (Tsumura’s method):

Optical density
domain

2D plane by PCA

v

2 guantity vectors by

ICA

v

Estimation of
hemoglobin and
melanin

-log(B)



演示者
演示文稿备注
Skin is the mixture of two chromo


()
Chromophore extraction: Image-processing based approaches

Weakness of Tsumura’s method

Unrobust to variation of illumination;
Lies in 3D surface where PCA inadequate;

\7\7\7\

Valid only for small region of skin sample,

[ Isurtace Fiung
- ogib) vs ool Aogia)

(a) Input skin image with shadow

) B(zg,ys)

e
7

-log(n

(b) Logarithmic Nrgb color space

(¢) Flattened 2-dimensional plane
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Regression of a quadratic polynomial model
Flattening (Project) via calculation of geodesic distance



()
Results: on small region of facial skin

v Skin chromophore extraction results of small-region facial skin

Small region (313x257 pixels)
of facial skin images
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Evaluation of skin chromophore extraction methods on facial skin images can only be qualitative based on dermatologic features.



[ )

hromophore extraction: Physical-model based approaches on RGB
and Multispectral images

log(1/R(A1)) eaboz(A1)  emp(A1)  eme(A1) | | cHbo2
| et e o] o) vy X = AS

10%(1/R(Am)) €HbO2 ()\m) €Hb ()\m) €Mel ()\m) CMel

> Mixing matrix A is unknown:

v Blind Source Separation (BSS) based methods (e.g. NMF)

> Mixing matrix A is given by tabulated extinction coefficient of three chromophores:

v" Proposed Model-Fitting approach:

______________________ =7l
: o —1 : I arg min ”X - 1‘4133,bulaﬂ:fﬁd“-;’T”2 :
ES T Ata-bula-teXi i tabulated :
______________________ |

Color mage Subject to:§>0 |

Multispectral Image
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Now the problem is simply to fit this model by solving a system of linear equations. Since the
number of equations is equal to the number of unknowns in this linear system, we can obtain the solutions
as
Now the problem is simply to fit this model by solving a system of linear equations. Solutions of this overdetermined system can be obtained using least-squares estimation with a single constraint


Qualitative evaluation on color facial images

» Based on the dermatologic knowledges:

. higher hemoglobin and lower melanin for lip and pimple
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ICA gives false estimation of 


Quantitative evaluation on color melanoma image

v' Graph-cut based segmentation using RGB color+melanin+hemoglobin

Melanoma Manual Segmentation

Model-Fitting

o Method |y 1 del Fitting | NMPF
Criterion

DSC 0.982 0.967

FNR 0.013 0.044

FPR 0.023 0.024
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Our work is motivated by the development of efficient cad diagnosis system of melanoma, a most fatal skin cancer


Automatic PSLs segmentation on dermoscopic images

v' Automatic PSLs Segmentation (APS) Framework

Dermoscopy
PSLs Image

Skin .

Chromophore
Extractim’l/
¥

K-means++
Clustering

o ) A y
Erosion and
LBP Coding Closing

@ Thinning with
L ] M
Pruning

SVM Classifier
‘ ?

Posterior-
probability Border-adding
Disturibution and Dilation

Map

Final
Segmentation

t-link

Graph Cuts Segmentation

Auto-Seeding




- Auto-Seeding Results

v' Examples of Auto-Seeding results:

Artifacts

ambiguous border
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Foreground seeds are


= Results of the Automatic PSLs segmentation on dermoscopic images

v' Experiments on dermoscopic PSLs images

» 100 dermoscopic PSLs images (768X512) from a dermoscopy atlas

» 30 for training the parameter A, 70 for testing

» 3 metrics for quantitative evaluation;
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This metric measures the rate of pixels classified as lesion by computer-based approach are identically
classified as such by the expert dermatologist, i.e. how accurate the segmentation is:

This metric measure the rate of pixels classified as lesion by the expert dermatologist are correctly identified as such by computer based approach. i.e. how well the lesion region is segmented:

Since precision and recall are two opposing metrics and good segmentation requires high levels of both
of them, we introduce here a criterion that combines precision and recall into the harmonic mean, the
F-measure




@Automatic PSLs segmentation on dermoscopic images

v' Comparison of the proposed approach against classic graph-
cut based methods:

Melanoma Manual Segmentation Color+Chromophore Color

Color+GLBP Lazy Snapping Boykov-Jolly

gipsa-lab
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Since border properties are important for the diagnosis of PSLs, an adequate PSLs delineation method should
perform segmentation without losing much information on the peripheral parts of PSLs, for which the
conventional color-feature-based segmentation approaches are inadequate.


Automatic PSLs segmentation on dermoscopic images

v/ Quantitative evaluation of our proposed APS framework with different
combination of features against other classic graph-cut based segmentation

Criterion DSC Error e Precision Recall
Approach Mean | SD Mean SD Mean SD Mean SD
Color 91.19 | 4.24 | 16.05 | 6.59 98.98 | 1.99 | 84.91 | 7.59
Color+LBP 91.41 | 3.89 | 15.70 | 6.47 98.74 | 2.02 | 85.69 | 7.68
Color+Chromo 93.85 | 3.08 | 12.26 | 5.95 98.36 | 1.68 | 88.27 | 7.56
LS 88.73 | 4.68 | 20.15 | 7.61 98.76 | 1.53 | 80.89 | 7.67
BKJ 88.70 | 5.00 | 20.13 | 7.90 99.07 | 0.81 | 80.66 | 8.14
GrabCut 87.90 | 9.90 | 29.97 | 32.39 || 84.37 | 16.45 | 95.53 | 4.08
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Our work is motivated by the development of efficient cad diagnosis system of melanoma, a most fatal skin cancer


Conclusion

v' Contributions:

» Combining Classification Techniques and Graph-Cut Based Segmentation Framework
* Definition of likelihood energy term (data term) by posterior classification of a classifier
* Soft constraints
e Construction of powerful feature vector

» Application to Skin Chromophore Extraction
* Image based approach: Surface Fitting and Flattening (SF?) approach
* Physical property based approach: Model-Fitting Approach

» Application to Melanoma Detection
* Robust and accurate segmentation tool: Automatic PSLs Segmentation (APS) Framework
e Automatic selection of seed region (Auto-Seeding)

* Chromophore feature in feature configuration
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