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Abstract— An SVM based liver classifier was developed to
differentiate liver conditions, including normal, fibrosis with
low fat, fibrosis with high fat, and inflammation.

in decision planes which can be used to categorize
pathological liver states, including fibrosis, steatosis, and
inflammation.

An in-vivo study was performed with 35 rats under normal
conditions or after carbon tetrachloride (CCl4) or concanavalin
A (ConA) dosing to induce fibrosis with varying degrees of
steatosis, and inflammation, respectively. These livers were
imaged in-vivo by an ultrasound, and approximately 30 frames
for each rat were acquired. Therefore, a total of 998 ultrasound
images were analyzed and used for training a SVM classifier.
Each image has three measured parameters: H-scan scattering
classification, estimated attenuation coefficient, and B-scan
intensity. These parameters were assigned as inputs to the SVM.

This work first measured three parameters from the H-scan
analysis, related to scattering and attenuation estimations, and
B-scan intensity. Secondly, we implemented the SVM
classifier within the four classes confirmed by pathology:
normal, fibrosis with low fat, fibrosis with high fat, and
inflammation. Finally, the decision planes of the SVM were
shown in multi-parametric spaces with the clusters of liver
conditions, producing high accuracy in discriminating
between groups.

A liver diagnosis system based on the SVM and H-scan was
produced. The clusters representing each state of liver are
provided in two- and three- parameter space. From these, the
SVM generates decision planes to classify the liver conditions.
The classification accuracy is 92.2% with the three features.
Therefore, these results provide the beginning of a coherent
framework for determining the scattering signatures or
clustering in multi-parametric space, of the normal liver
compared with diseased livers.

II. METHODS

Keywords— ultrasound scatter, liver classification, support
vector machine, multiparametric analysis

I. INTRODUCTION
A longstanding priority within diagnostic imaging is the
assessment of the structural and functional condition of the
liver (Taylor and Ros 1998; Ozturk et al. 2018). Ultrasound
scanners have been commonly used for screening and
diagnosing livers due to their advantages in providing noninvasive, portable, inexpensive medical imaging. Therefore,
previous research to quantify measurements from ultrasound
liver scans and to classify liver conditions from ultrasoundrelated parameters have shown promise (Chivers and Hill
1975; Bamber 1979; Campbell and Waag 1984; Zagzebski et
al. 1993; Higuchi et al. 2014; Al-Kadi et al. 2016; Liao et al.
2016; Zhou et al. 2018; Lin et al. 2019). In addition, some
multiparametric clusters were assessed (Momenan et al.,
1987; Momenan et al., 1994). Recent characterization studies
using ultrasound have employed machine learning tools
(Virmani et al., 2013; Singh et al., 2014; Byra et al., 2018;
Andrade et al., 2012; Wu et al. 2012). However, those rely on
the log-compressed B-scan images that contains less signal
than radiofrequency (RF) data and depend on machine settings
and users. Thus, this study estimated parameters using RF data
and formed clusters related to liver pathology in a multidimensional space. Subsequently, an SVM analysis resulted

A. Study design and Data acquisition
An in-vivo study was performed and all experimental
protocols were approved by the Pfizer Animal Care and Use
Committee (IACUC). A total of 35 rats were enrolled, 4 TAC
NIH: rnu (nude, Taconic Biosciences, Inc., Rensselaer, NY,
USA) and 31 Sprague-Dawley rats (SD, Charles River
Laboratories, Wilmington, MA, USA). We investigated the
rat under normal conditions and after inducing liver disease,
by using CCl4 or ConA exposure. These caused a fibrotic
response with varying degrees of fat accumulation, or
inflammation, as confirmed by post-mortem pathology of
Trichrome stain, Picro-Sirius red, and Oil Red O stain. It
resulted in 4 groups: 9 rats for normal, 6 for fibrosis with high
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Figure 1. Design of the proposed liver classification system
based on H-scan and SVM
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fat (> 9%), 11 for fibrosis with low fat (< 6.5%), and 9 for
inflammation.
Ultrasound scans were performed at 8 weeks after starting
the protocol. A Vevo 2100 (Visual Sonics, Toronto, Canada)
scanner with a 21 MHz center frequency linear transducer
(MS 250) acquired RF data under the consistent scan settings,
including the gain, and focal depth, etc. Every scan has
approximately 30 frames, and therefore the total of 998
ultrasound images were obtained for the SVM processing.
Each image has three measured features from H-scan
classification, estimated attenuation coefficient, and B-scan
intensity. These parameters were assigned as inputs to train a
SVM classifier.
This study aims to construct a liver classifier based on
SVM and H-scan, which can be a real-time diagnosing system,
as shown in Figure 1. While scanning a liver, a rectangular
ROI is set by user, similar to the use of color doppler imaging.
The system processes B-scan and H-scan and measures the
three features within the ROI. Then, the SVM classifier
outputs the estimated liver condition, and a H-scan image is
displayed. This study designed the overall approach, and then
built the trained SVM classifier and H-scan processor.
B. Feature Measurement: H-scan, Attenuation, and B-scan
As a matched filter analysis to classify scattering
signatures of tissues, H-scan method was developed (Parker
2016; Parker and Baek, 2020; Baek et al., 2020; Baek et al.,
in press) to analyze the power law transfer functions in
frequency domain of ultrasound signal. The received RF
signal ( ) containing scattering signatures is interpreted by
convolution with a bandpass filter related to the Gaussian
family and described by:
max ( ) ∗ ℱ

(

( ))

(1)

where ( ) is the n-th Gaussian filter in frequency domain.
The chosen n that maximizes the equation (1) has a
corresponding Gaussian function with a peak frequency,
which becomes the estimated peak frequency at the time point
. This study employed 256 color levels for the 256 filters, and
therefore the estimated frequencies are mapped into a color
ranging from red to blue; the color map is shown in Figure 1.
However, the accumulated attenuation along with ultrasound
propagation causes frequency shifts over depth, producing a
gradual H-scan color bias from more blue to red. This
attenuation accumulation was estimated by modeling the loss
as
where
is the attenuation coefficient in
Np/MHz/cm, and (MHz) is the estimated frequency at depth
(cm). Then, the attenuation coefficient can be derived:
=−

∙

%

=
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where
and
are the number of blue and red pixels, which
have color levels of [1, 128] and [129, 256], respectively. The
attenuation coefficient was measured by the equation (2), and
the dB scale intensity of log-compressed data from B-scan
was measured from liver ROIs at constant depth.
The three parameters were used as the input features to the
SVM after feature scaling to normalize the different scales of
each feature. The feature scaling was performed by a modified
min-max normalization:
=
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) is average value of normal data set.

C. The Support Vector Machine Classifier
To classify the liver conditions, the SVM classifier was
implemented in MATLAB (The Mathworks, Inc., Natick,
MA, USA). SVM classifiers were designed (Vapnik, 1999;
Bishop, 2006; Cortes and Vapnik, 1995) to maximize the
margins between classes and minimize penalties for
misclassified vectors, which can be described by:
min( ‖ ‖ +

∑

)

(5)

where the first term relates to one over margin distance, and
the second term represents the summation of penalties. is a
box constant to be optimized for the SVM classifier, and
denotes the support vectors near class boundaries. The
solution of equation (5) is obtained by solving Lagrangian of
the problem with a gaussian kernel function that has a
parameter . For the parameters of
and , parameter
optimization was performed based on the hyperplane shapes
and classification accuracy by preventing under- or overfitting; more details for the optimization can be found in Baek
et al. 2020b. The classification accuracy is defined by:
% =

#
#

× 100 %

(6)

III. RESULTS
A. Feature measurements: H-scan, Attenuation, and B-scan
Figure 2(a) shows the measured raw data with different
scales for each feature. The normalized data are in Figure
2(b), of each feature has distribution between -1 and 1,
showing the zero-mean of normal data and relative data
(a)

(b)

(2)

where and are a center frequency and bandwidth of a
Gaussian function that models ultrasound transmission pulse,
and is estimated by H-scan; more details for estimation can
be found in Baek et al., 2020a; Baek et al., 2020b inpress.
Using the estimated coefficient, attenuation correction was
performed; more details for correction can be found in Parker
and Baek, 2020.
Therefore, this study produced three parameters: % of blue
from H-scan representing a shift in scattering transfer function
from the tissue, the attenuation coefficient (converted to units
of dB/MHz/cm), and the intensity (dB) from B-scan. The %
of blue is defined by;

Figure 2. (a) Measured and (b) normalized features from Hscan, attenuation coefficient, and B-scan
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Figure 3. (a) 2D and (b) 3D view of clusters: normal, low fat fibrosis, high fat fibrosis, and inflammation.
positions of diseased cases compared to normals. Although
no single parameter can differentiate among the 4 classes
without overlap, each feature tends to discriminate specific
groups. The H-scan provides the best separation between
normal and inflammation, and attenuation estimation is also
likely to distinguish inflammation from normal. The B-scan
intensity separates fibrosis from the others. For the separation
between normal and low fatty group, all the three
measurements provide discrimination. The H-scan and
attenuation tend to differentiate low and high fatty groups.
The B-scan can separate low fatty fibrosis and inflammation.
Multi-parametric analysis combines all these results for an
improved classification.
Figure 3 (a) and (b) represent two-dimensional (2D) and
three-dimensional (3D) view of clusters, respectively. For 2D
view, principal component analysis (PCA) reduced the three
parameters into two, and the retained variances are 84.9%,
13.0%, and 2.1% for the first, second, and third principal
components (PC), respectively. Figure 3(a) exclusively used
the first two PCs with 97.9% of retained variances.
Combining the three features in 2D space provides better
separation between the four liver groups compared to each
feature results in Figure 2, but there are still overlaps
between the groups.
Figure 3 (b, c) illustrates two views of clusters in 3D
space by using all the three measured features with
normalized scales. The 3D views provide better separation
between groups with less overlaps compared to onedimensional (1D) and 2D feature spaces. These welldiscriminated clusters have potential to construct robust

(a) 2D Hyperplanes
(Accuracy = 84.9%)

hyperplanes by the SVM classifier when the features are used
as inputs of the classifier.
B. The SVM Classification
The SVM machine with the 3D features was trained with
optimized parameters of = 7 and = 0.2. Additionally,
another SVM classifier was constructed by using the 2D PCs
to investigate the effect of feature numbers.
Figure 4 (a) shows hyperplanes in 2D space, and due to
the overlaps between the liver groups the accuracy resulted in
84.9%. However, the SVM classifier with 3D input features
has 92.2% of classification accuracy, and these hyperplanes
are illustrated in Figure 4 (b,c). Since the 3D clusters provide
better discrimination than 2D clusters, the classification
accuracy from the 3D features is higher than the 2D input
although the information loss is only 2.1%. As shown in
Figure 4 (b,c), the hyperplanes can distinguish the 4 liver
groups.
IV. DISCUSSION
This study implemented a liver ultrasound classifier by
employing the H-scan as a frequency-dependent analysis and
the SVM to define multi-parametric clusters and boundaries
between groups.
B-scan images have been traditionally used for liver
diagnosis. However, as shown in Figure 2, B-scan intensity
does not help the diagnosis of inflammation since the
intensity are comparable to that of normal. Although B-scan
demonstrates brighter intensities for fibrosis cases compared

(b) 3D Hyperplanes (Accuracy = 92.2%)
- View 1

- View 2

Figure 4. SVM results. (a) 2D hyperplanes with the first 2 principal components. (b) 3D hyperplanes with the 3 features.
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to normals, it cannot differentiate the low and high fatty subgroups within the fibrosis cases. To characterize liver
conditions more accurately, the frequency-dependent
investigations of H-scan and attenuation estimation were
examined in this study, along with the echo-dependent
approach of B-scan average intensity, or echogenicity. The
two approaches can be considered independent, which
thereby provides more complete. Therefore, the H-scan and
attenuation estimates tend to discriminate the overlapped
cases in B-scan: normal and inflammation; low and high fatty
fibrosis. Consequently, utilizing all the three features offers
the potential to discriminate the four liver with only minimal
overlap between the conditions in multiparametric space.
In order to address the subtle overlaps for clear separation
between the liver groups, a method that can combine the three
data is required. Thus, this study employed the SVM as an
effective way to classify the four conditions. The clusters of
3D space in Figure 3 have better separation between groups
than 1D feature space in Figure 2. Moreover, SVM provides
a way to differentiate the liver conditions despite rare
overlaps, providing smooth and robust hyperplanes while
avoiding under- or over- fitting. The hyperplanes boundaries
derived in this study can be used to classify new liver
ultrasound scans.
By measuring the B-scan intensity, H-scan scattering
frequency, and attenuation, this study demonstrated that the
discrimination performance increased as more features were
included; 2D clusters improve classification over any single
parameter, and 3D parameters show more well separated
clusters than 1D or 2D. Moreover, when the input features are
more independent, they can offer more information within a
joint analysis. For instance, echo- and frequency-based
approaches resulted in different trends for discrimination, but
H-scan and attenuation showed similar trends. Therefore,
adding more parameters and parameters from different
approaches can help to enhance the classification accuracy.
V. CONCLUSION
This study implemented the SVM classifier to improve
liver diagnosis using the recently developed scattering
analysis, the H-scan. This produces two output parameters,
an H-scan scattering measurement and attenuation, and also
provides color-coded images to visually assist the diagnosis.
These parameters were sensitive to changes in liver
conditions, which enable to construct clusters in multidimensional spaces, resulting in a robust SVM classification
between the disease groups. This study verifies that H-scan
measures based on biophysical models of scattering and wave
propagation in liver tissues provide the ability to discriminate
and classify pathological liver conditions.
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