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Abstract—This paper presents a new quantitative metric
which can be used as indirect method for characterization of
liver from ultrasound images. This new metric is inspired from
the visual criterion considered by the radiologists through
texture and echogenicity of the Liver in ultrasound image. The
proposed metric is a single parameter extracted from 6 texture
features on the basis of Homogeneity, Roughness, Contrast,
Granularity and Orientation of the liver surface for
classification into Fatty or Normal liver. The main contribution
of the present work is that the best texture features are selected
on the basis of Fisher’s linear discriminative analysis and then
formulated into a single metric by considering their weightage
similar to the visual criterion used for liver classification.

Index Terms—Echogenicity, liver classification, steatosis,
texture analysis.

I. INTRODUCTION

Ultrasound is an imaging modality that has become widely
popular because of its ability to visualize many human soft
tissues without any harmful effect. Since ultrasound images
suffer from speckle noise, thus it is difficult to differentiate
an organ towards its specific pathological changes. However,
the granular structure of the tissue or area can be studied and
analysed to characterize it. This specific granular pattern of
normal liver and fatty liver can be described as texture and
thus Texture analysis for tissue characterization may be used
to study and correlate the physiological changes in the liver.
Moreover this approach may provide some important
information that may not be obtained through visual
interpretation of ultrasound images. The Radiologists
distinguish between normal and fatty liver by using five
major parameters through visual interpretations. These are
Contrast, Homogeneity, Roughness, ratio of Echogenicity of
Liver and Kidney, Size and the overlapping of Liver over
neighbouring organs. In the present study an attempt is made
to propose a quantitative index using some selected texture
features to assist the radiologist.

In the past few years, many statistical features which
describe the physical properties of the tissue have been
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published to distinguish between normal and abnormal
ultrasonic liver images [1], [2]. The most commonly used
texture features that have been applied successfully to
real-world textures are the spatial gray-level dependence
matrices (SGLDM) by Haralick [3], the Fourier power
spectrum (FPS) [4], the Laws’ texture energy measures
(TEM) [5]. The fractal concept developed by Mandelbrot [6]
provides an excellent representation of the roughness of
natural surfaces. To evaluate the liver diseases using
Ultrasound parameters like change in echo-texture,
echogenicity, liver surface, Inferior edge etc. was first
proposed by Nicolau et. al.[7]. Then Vehmas et. al. measured
the echogenicity ratio of Liver to that of Kidney as an indirect
metric to diagnose the steatosis [8]. Recently Webb et. al.
have proposed an approach to quantify the Liver steatosis (fat
infiltration) using computerized Hepto-renal Index [9].

A. Liver Physiology and Characteristics

Liver pathologies can be classified into two main
categories according to the degree of dispersion of the
disease. The first category is the localized liver diseases in
which the pathology is concentrated in small spot(s) in one or
both of the liver lobes while the rest of the liver tissue
remains normal. The second category is the diffused liver
diseases in which at least one complete lobe of the liver is
affected by the disease. Steatosis (or fatty liver) is the second
category disease in which fat is infiltrated in the Liver. A
visual criterion for diagnosing a fatty liver is done from
‘bright liver’, which is evaluated by comparing the liver
echogenicity to that of right kidney cortex at the same depth
[10].

II. MATERIALS AND METHODOLOGY

A. Image Acquisition

All images are acquired with GE Medicare’s Voluson730
PRO machine by Curved array transducer probe. A range of
3-3.6 MHz frequency is used to acquire the images of the
object. Following criteria is adopted throughout the analysis.
1)ROI location: To avoid the distorting effects in
ultrasonic wave patterns, such as side lobes and grating
lobes, the region of interest (ROI) is selected each time

along the center line of the image.

2) ROI Size and shape: To get reliable analysis results, the
number of pixels in the ROI must be at least 800 to
provide the reliable statistics [11]. Keeping this
criterion, a square size of 30x30 pixels (containing 900
pixels) is selected.

3) Fasting condition of the patient: It has been suggested
that patients should be fasting for eight hours before any
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scan to avoid the effects of changing the liver glycogen
and water storage on ultrasound attenuation [12].

B.  Texture features

Liver surface can be treated as a texture and thus various
texture models are selected to analyze the liver ultrasound
images. The main parameters those are considered
subjectively are echogenicity (brightness), contrast,

homogeneity, granularity and smoothness of the liver surface.

But in this work some objective features are used to measure
the above parameters. To increase the feature space, five
different texture models are used; Spatial gray-level
dependence matrices (SGLCM), Statistical Feature Matrix
(SFM), Law’s Texture energy measure (TEM), Fourier
power spectrum (FPS) and Fractal features.

a) SGLCM: The Spatial Grey Level Co-occurrence Matrix
SGLCM texture features, as proposed by Haralick et al. [3],
are the most frequently used texture features. Based on the
probability density functions, 14 features are studied.

b) Laws’ Texture Energy Measures: In this study, vectors
oflength1=7,L=(1,6, 15,20, 15,6,1), E=(-1, -4,-5,0,
5,4,1),and S=(-1,-2,1,4, 1, -2, -1) are used. The following
6 TEM features are calculated: LL Texture Energy, EE, SS,
LE average texture energy from LE and EL kernels, ES
average texture energy from ES and SE kernels, and LS
average from LS and SL kernels [5].

¢) Statistical Feature Matrix: The statistical-feature matrix
(SFM) measures the statistical properties of pixel pairs.
Based on the SFM, the following 3 texture features are
computed: Coarseness, Periodicity and Roughness [13].

d) Fourier Power Spectrum: FPS contains information on
the texture orientation, grain size, and texture contrast of the
image. The Radial sum F, and the Angular sum F, of the
discrete Fourier transform are computed to describe texture
[14].

e) Fractal feature: The Hurst coefficients H; and H, are
computed for different image resolutions. The fractal
dimension can measure the roughness and the granular
structure of an image [13].

C. Feature Selection and Reduction

Five different texture models are used to extract 27 texture
features from each ROI. For each image all features are
calculated, and finally their mean and standard deviation is
calculated among the one class for a given feature. Since the
pathological results were available, so linear discriminative
analysis using Fisher’s discriminative ratio (FDR) is
calculated for each feature using the equation 1 [15].

m —m,

V(o7 +07)

where m; auu m; arc wcaus auu v; and o, are the standard
deviations of fatty and normal liver respectively. High value
of FDR signifies the higher ability of a feature to classify the
image into different classes.

FDR = (1)

III. RESULTS AND DISCUSSION

All the Normal and fatty liver images are analyzed
quantitatively for 27 texture parameter values. Then their
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class-wise mean and standard deviation is reported and FDR
is calculated. Finally the highly correlated features are
removed and out of the remaining features, only those
features are selected which has the high relevance with
‘Echogenicity’ and surface smoothness being evaluated by
radiologist subjectively. These features are given in Table 1.
From the Table I it is evident that the feature which has high
interclass separation ability (high FDR), they are related with
the parameters like echo-texture (IDM or homogeneity and
H,), Contrast and smoothness of liver surface (Roughness, F,
and H;). Similarly, the Difference of Entropy is related with
the liver surface.

TABLE I: BEST SiX FEATURES

Fatty Normal
Visual
Feature . STDE STDE | FDR
meaning | MEAN MEAN
\% \%
Diff_EntroInverse — of)  0s04 10.0143| 0.1891 {0.0228 |3.7044
py homogeneity
IDM |Homogeneity| 0.9754 [0.0072| 0.9193 |0.0167 |3.0847
Contrast| Contrast 0.0673 | 0.017 | 0.1667 |0.0345(2.5844
H1 Smoothness | 0.4023 |0.0208| 0.4535 | 0.021 [1.7322
F, Orientation | 1934.76 1032'3 2943.18 |529.76 [ 0.8894
Rough
S Roughness | 2.4176 |0.0425| 2.3768 |0.0371{0.7232

A. New Metric

Each feature has different FDR and different weightage
towards the final classification. So in the proposed metric, the
value of each feature is measured by its FDR and its value. If
the FDR value of feature F, is FDR,, and its value for a
particular ROI is X;(mean- present value/std. dev.), then the
value of feature F; for class ‘a’ (Fatty Liver) can be V,1 as:

V,1=FDR x X, )

And the total value of an image for class ‘a’ for all six
features will be V,
V,=V1+V,2+V 3+V, 4+V 5+V, 6 3)
Similarly ¥V, can be found for all 6 features in class ‘b’
(Normal liver).

V,=V,1+V,2+V,3+V,4+V,5+V,6 (4)

The new proposed metric E is defined as

E=V:V, 6))

If ‘E’ is greater than zero, then the image is of Fatty Liver
and if E is negative, it is Normal liver. More the difference in
V,and V;, more the confidence level of result is there. If the
value is close to zero then the radiologist has to investigate in
more detail. So indirectly ‘E’ is a measure of echogenicity
which the radiologists use to analyze the liver surface
visually.

B. Evaluation of the Metric

Evaluation of the proposed metric is done on a separate set
of 30 ultrasound images (15 Normal and 15 Fatty liver
images). The results show that the proposed method has 92%
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accurate and 100% sensitive. As compared to a recently
published work by Ribero and Sanches [16], where the
reported accuracy is 95 % and sensitivity is 100% using
Bayesian classifier, however the proposed method is much
simpler and faster. The only drawback of the proposed
method is that their characterization criterion is machine
dependent. Authors are working on more accurate and
machine independent objective method which can be
characterized the liver into more classes.

IV. CONCLUSION

Texture analysis is very useful to discriminate fatty liver
from normal liver images. After Statistical and Linear
discriminating analysis, best 6 features are shortlisted with
relevance to the visual criterion of echogenicity and
echo-texture like Homogeneity, Contrast, Difference of
entropy, Roughness etc. Finally a new metric ‘E’ is defined
whose numerical value can be used to classify the Liver’s
state either Normal or Fatty. More the value of ‘E’ indicates
more presence of steatosis. The evaluation results obtained
from different 30 images reveal that the proposed method is
92% accurate and 100% sensitive. So this work proposes a
quantitative metric based on texture analysis for the
characterization of liver inspired from the visual criterion
considered by the radiologists.
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