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a b s t r a c t
Classiﬁcation of liver masses is important to early diagnosis of patients. In this paper, a diagnostic system
of liver disease classiﬁcation based on contrast enhanced ultrasound (CEUS) imaging is proposed. In
the proposed system, the dynamic CEUS videos of hepatic perfusion are ﬁrstly retrieved. Secondly, time
intensity curves (TICs) are extracted from the dynamic CEUS videos using sparse non-negative matrix
factorizations. Finally, deep learning is employed to classify benign and malignant focal liver lesions
based on these TICs. Quantitative comparisons demonstrate that the proposed method outperforms the
compared classiﬁcation methods in accuracy, sensitivity and speciﬁcity.
© 2014 Elsevier GmbH. All rights reserved.

1. Introduction
Primary liver cancer is the sixth most common cancer worldwide, and the third most common cause of death from cancer [1].
In order to increase the chances for survival by providing optimal
treatments, early detection and accurate diagnosis of liver cancer is of utmost importance [2,3]. Biopsy is currently the golden
standard for diagnosing cancer, but it is invasive, uncomfortable,
and is not always a viable option depending on the location of the
tumor [4–6]. Noninvasive diagnosis of focal liver lesions (FLLs) can
be evaluated by using CEUS to determine the liver vascularization
patterns in real-time, and thus, improve the diagnostic accuracy for
the classiﬁcation of FLLs [7].
Recently, many studies have investigated CEUS patterns of FLLs,
establishing their typical behaviour in the arterial, portal and
venous phases [8,9]. The normal liver is a highly vascular organ predominantly supplied by both hepatic artery (25%) and portal vein
(75%) [10]. However, malignant focal liver lesions (i.e., hepatocellular carcinomas (HCCs), hypervascularity metastases) are supplied
by the hepatic artery as well as tumor vessels. Therefore, the
enhancement patterns of FLLs in the arterial and portal venous
phases of CEUS can be used for characterizing FLLs [11]. Compared with healthy parenchyma, benign liver lesions are typically
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hyper-enhanced at all time, whereas malignant lesions usually
present a hyper-enhanced pattern during the arterial phase and
become hypoenhanced in the later portal-venous phase [12].
Time intensity curves (TICs) are a graphical illustrating representative contrast uptake kinetics represented in a CEUS
investigation. Comparative TIC analysis between a tumoral region
of interest (ROI) and parenchymal equivalent ROI could enhance the
diagnostic accuracy of CEUS, thus establishing its role in liver cancer
diagnosis [13,14]. Previous reports have shown that the analysis of
TICs such as the area under the curve (AUC) and time to peak (TTP)
have statistical signiﬁcance between benign and malignant lesions
of various types of tumors in the hemodynamic measurements
[15–18].
Based on the TICs of CEUS, diagnostic systems had been developed to assist ultrasonographist in liver cancer processing to
further improve the diagnostic accuracy. Casey et al. [18] extracted
the TIC of each pixel within a ROI and used the measured TICs’
parameters as the features to classify the benign and malignant
tumors of rats by linear discriminant analysis. The problem of the
method lies in that the extraction of TICs is susceptible to noise
because the CEUS imaging signal is noisy due to many factors (i.e.,
speckle noise, ﬂuctuations in the concentration of microbubbles)
[18]. Streba et al. [19] extracted the TIC with the mean of the signal
intensity within a manual drawing ROI surrounding the tumor and
also used the measured TICs’ parameters (i.e., AUC, TTP) as the features to classify liver tumors by artiﬁcial neural networks (ANN).
The TICs obtained from ROI measurements may be composites of
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activities from different overlapping components in the selected
ROI. It is the major disadvantage of ROI measurements method.
Junji et al. [11] estimated TICs for an FLL by use of a series of the temporally averaged microﬂow imaging (MFI) images and employed a
cascade of six independent ANN by use of extracted temporal and
image features for classifying liver diseases.
The limitations of the above-mentioned methods were that the
feature selection was determined empirically and always operatordependent. Furthermore, the parameters setting are based on the
experimental knowledge. To address the problem, we introduce
deep learning [20] into the diagnostic system to classify the benign
and malignant focal liver lesions. Deep learning is employed in this
work because it is received much attention recently. It combines
the feature extraction and recognition together perfectly. The feature extraction is implemented from low level to high level through
unsupervised feature learning instead of being hand-designed [21].
Deep learning simulates the human brain to recognize objects
through different layers’ features.
Moreover, to overcome the subjectivity of TICs extracted with
manual ROI selection and the impact of speckle noise, an automatical TICs extraction method is used. The TICs are extracted from
the dynamic CEUS image sequences by Factor Analysis of Dynamic
Structures (FADS) techniques. As far as we know, this is the ﬁrst
report combining TICs extracted automatically with deep learning
to develop a diagnostic system.
The rest of this paper is organized as follows: the related works
are introduced in Section 2. Section 3 describes the data acquisition and pre-processing, sparse non-negative matrix factorizations,
the deep learning classiﬁer and the framework of the classiﬁcation
system. In Section 4, we present the classiﬁcation results and discuss the results obtained in the experiment. Finally, we give the
conclusion in Section 5.
2. Related works
The TICs extracted from dynamic CEUS image sequences can be
used to detect the aberrant functionality of tumor vasculature. Factor Analysis of Dynamic Structures (FADS) [22,23] is a technique
used for the extraction of TICs from a series of dynamic images.
The technique allows homogenous physiological structures with
different temporal characteristics to be identiﬁed. Recently, FADS
has been investigated in hepatic perfusion studies based on CEUS
imaging [24–27]. However, one of the major drawbacks of FADS
is that the solution is not mathematically unique when only nonnegativity constraints are used. In order to guarantee the solution
corresponding to the physiological truth uniquely, we use a sparse
non-negative matrix factorizations as presented in our previous
work [27] to extract the TICs.
Due to the dual blood supply from the hepatic artery and portal vein, the balance between arterial and portal blood supply is
an indication of the type of lesion [26]. From a hemodynamic perspective, benign and malignant lesions in the liver differ in their
respective needs in arterial blood supply [12,28]. Furthermore,
most FLLs show unique enhancement patterns in the ﬁrst two
phases [18,29]. Therefore, in the study, we extracted the TICs of
arterial and portal vein phases.
3. Materials and methods
3.1. Data acquisition and pre-processing
Ultrasound examinations were performed by an experienced
ultrasonographist using a Philips iU22 equipped with a C5-1 transducer (Philips Medical Systems, Bothel, WA) and contrast speciﬁc
imaging (CSI). Initially, a B-mode scan was performed to identify

the best approach to the lesion. Thereafter, a bolus of 1.5–2.4 ml of
Sonovue (Bracco, Milan, Italy) was injected intravenously through a
cubital vein, followed by ﬂush of NaCl 0.9% 5 ml in bolus. Real-time
side by side contrast-enhanced mode continuous video clip with a
mechanical index of less than 0.20 were acquired at a frame rate of
8-15 fps.
The study population comprised 22 patients with 26 lesions who
underwent CEUS in Huazhong University of Science and Technology afﬁliated Wuhan Union Hospital between March 2012 and May
2013. Positive diagnosis was reached through a combination of
other imagistic methods (CT and CE-MRI), liver biopsy in uncertain cases or followup for a minimum period of sixth months.
All the cases consisted of 6 hepatocellular carcinomas (HCCs), 10
cavernous hemangiomas (CHs), 4 liver abscesses, 3 metastases
(METASs), and 3 localized fat sparings (LFSs). The patients’ ages
ranged from 18 to 73 years (mean, 43.5 ± 9.9 years), 12 case of
male and 10 case of female. The average size of the tumor was
21.2 ± 13.8 mm (size range, 10.0–56.3 mm) for benign lesions and
23.0 ± 10.3 mm (size range, 9.0–32.2 mm) for malignant tumors.
To minimize the impact of breathing motion on TICs extraction
and improve the accuracy of the classiﬁcation system, an image
correction technique as presented in our previous work [30] that
combining of template matching and frame selection was applied
to compensate respiratory motion throughout each CEUS video.
Respiratory motion compensation for the free-breathing data is an
obligatory pre-processing step before the TICs extraction.
3.2. Sparse non-negative matrix factorizations
To extract the TICs from the dynamic CEUS image sequences,
we introduce a sparse non-negative matrix factorizations (SNMF)
[27,31] which uses the sparseness of each pixel in all coefﬁcient
images as a degree of the amount of mixing. The sparseness degree
function is the 1 -norm of each pixel. The objective function is
deﬁned by:
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where the size of matrix A is N × M, N is the number of pixels in
the image and M is the number of dynamic images. Matrix C and
matrix F are the coefﬁcients image and the TICs which deﬁned in
FADS model. Ci is the ith row vector of C.
In order to correct for the nonuniqueness of the solution in optimization problem (1), we use the Frobenius norm of F to constraint
it. The ﬁnal objective function becomes:
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where ˇ > 0 is a parameter to suppress  F 2F , and ˛ > 0 is a regularization parameter to balance the trade-off between the accuracy of
approximation and sparseness of C.
The objective function is solved by the alternating nonnegativity-constrained least squares (ANLS) algorithm referred in
[31]. The sparse NMF (SNMF) algorithm begins with the initialization of F with non-negative values. Then, it iterates the following
ANLS until it is convergence:
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where the “partition function”, Z, is given by summing over all
possible pairs of visible and hidden vectors:
Z=



e−E(v,h)

(7)

v,h

The probability that the network assigns to a visible vector, v, is
given by summing over all possible hidden vectors:
p(v) =

where I K is an identity matrix of size K × K and 0M×K is a zero matrix
of size M × K.
Our algorithm can be described below:
TICs extraction using SNMF

Input: load a dynamic CEUS image sequence A
Initialization: F0 is initialized by a non-negative random matrix.
C0 is initialized to be inf. N is the max iteration times. ε is the
stopping threshold. K is determined by using orthogonal singular
value decomposition of A
Output: C* , F*
Method:
1. Begin i = 0
2. While i < N and  A − C i F i F > ε
- Using NLS algorithm to solve the subproblem:
C i+1 =

2
√
argminC(F
˛eK×1 ) − (A 0K×1 ) , s.t. C ≥ 0

The derivative of the log probability of a training vector with respect
to a weight is:

∂ log p(v)
= vi hj data − vi hj model
∂wij
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1 −E(v,h)
e
Z

p(vi = 1|h) =  ⎝ai +



hj wij ⎠

(12)

However, it is much more difﬁcult to get an unbiased sample of
vi hj model . In practice learning, it is done by following an approximation to the gradient of a different objective function, called the
“contrastive divergence” [37].
This starts by setting the states of the visible units to a training
vector. Then the binary states of the hidden units are all computed
in parallel using Eq. (11). Once binary states have been chosen for
the hidden units, a “reconstruction” is produced by setting each vi
to 1 with a probability given by Eq. (12). The change of weight is
given by:



wij =  vi hj data − vi hj recon



(13)

A DBN with l layers models the joint distribution between
observed vector x and l hidden layers hk as follows:

 l−2

l



k

P(x, h , · · ·, h ) =

(6)

⎞

j

1

where vi and hj are the binary states of visible unit i and hidden unit
j, ai and bj are their biases and wij is the weight between them. The
network assigns a probability to every possible pair of a visible and
a hidden vector via this energy function:
p(v, h) =

(11)

Because there are no direct connections between visible units
in an RBM, it is also easy to get an unbiased sample of the state of
a visible unit, given a hidden vector:

⎛



vi wij

where (x) is the logistic sigmoid function (x) = 1/(1 + exp(− x)).

Deep learning was ﬁrstly introduced by Hinton et al. [20,32]
for a class of deep probabilistic generative models called Deep
Belief Networks (DBNs). Generative models provide a joint probability distribution over observable data and labels, facilitating the
estimation of both P(Observation | Label) and a P(Label | Observation), while discriminative models are limited to the latter, P(Label |
Observation) [33]. DBNs are composed of several layers of restricted
Boltzmann machines (RBM), a type of neural network [21,34–36].
As shown in Fig. 1, these networks are “restricted” to a two-layer
architecture in which the visible, binary stochastic units v are connected to hidden binary stochastic units h, where connections are
formed between the layers (units within a layer are not connected).
The hidden units are trained to capture higher-order data correlations that are observed at the visible units.
As proposed in [35], a joint conﬁguration, (v, h) of the visible and
hidden units has an energy given by:

i∈visible

bj +



vi hj is then an unbiased sample.

3.3. Deep learning

E(v, h) = −

p(hj = 1|v) = 


i

4. F ∗ (:, k) = C i (:, k) ∗ max C i (:, k) , k = 1, · · ·, K



(10)

where  is a learning rate.
Because there are no direct connections between hidden units
in an RBM, it is easy to get an unbiased sample of vi hj data . Given
a randomly selected training data, v, the binary state, hj , of each
hidden unit, j, is set to 1 with the probability:

s.t. F ≥ 0

- i←i+1


3. C ∗ (k, :) = F i (k, :)/ max C i (:, k) , k = 1, · · ·, K



(9)

where the angle brackets are used to denote expectations under the
distribution speciﬁed by the subscript followed. vi hj data denotes
an expectation with respect to the data distribution and vi hj model
is an expectation with respect to the distribution deﬁned by the
model. This leads to a simple learning rule for performing stochastic
steepest ascent in the log probability of the training data:

F

C

- Using NLS algorithm to solve the subproblem:

(8)

h

Fig. 1. A RBM with I visible units and J hidden units.

Algorithm 1.

1  −E(v,h)
e
Z

k+1

P(h |h

)

P(hl−1 , hl )

(14)

k=1

where x = h0 , P(hk |hk+1 ) is a conditional distribution for visible hidden units in an RBM associated with level k of the DBN, and P(hl−1 ,
hl ) is the visible-hidden joint distribution in the top-level RBM.
Fig. 2 illustrates a graphical depiction of a 3-layer DBN. DBN is a
generative model (generative path, with bold arrows) and a means
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Fig. 4. TICs extracted from one of the malignant lesions. (a) and (b) show the TICs
corresponding to the arterial and portal vein phases, respectively.

Fig. 2. A graphical depiction of a 3-layer DBN.

to extract multiple levels of representation of the input (recognition
path, with dashed arrows). The top two layers h2 and h3 form an
RBM (for their joint distribution). The lower layers form a directed
graphical model (sigmoid belief net h2 → h1 → x) and the prior for
the penultimate layer h2 is provided by the top-level RBM.
The DBN can be trained in a purely unsupervised way, with the
greedy layer-wise procedure in which each added layer is trained
as an RBM by contrastive divergence. The DBN training processing
can be described as Algorithm 2.
Algorithm 2.

• sample hk from Q(hk |hk+1 )
end for
• RBMupdate(hl−1 , , Wl , bl , bl−1 ) thus providing Q(hl |hl−1 ) for
future use
end while
end for

There are several studies demonstrating the effectiveness of
deep learning in a variety of application domains, such as MNIST
handwriting challenge [38], face detection [39,40], speech recognition and detection [41], general object recognition [42], natural
language processing [43], and meat spoilage markers [44].

Training the classiﬁcation model

Input: TICs extracted from dynamic CEUS image sequences
Deﬁnition: p̂ is the input training distribution for the network; 
is a learning rate for the stochastic gradient descent in contrastive
divergence; L is the number of layers to train; n = (n1 , · · · , nL ) is
the number of hidden units in each layer; Wi is the weight matrix
for level i, for i from 1 to L; bi is the bias vector for level i, for i
from 0 to L; Q(hk , hk+1 ) is deﬁned as the kth RBM; Q(hk , hk+1 ) is an
approximation of P(hk , hk+1 ).
Output: the classiﬁcation model
Method:
• initialize b0 = 0
for l = 1 to L do
• initialize Wi = 0, bi = 0
while not stopping criterion do
• sample h0 = x from p̂
for k= 1 to l − 1 do

3.4. The framework of the classiﬁcation system
The block diagram of the proposed framework is shown in Fig. 3.
At the training phase, the acquired liver CEUS videos in the training set are preprocessed through respiratory motion compensation.
The TICs of the CEUS videos are extracted by the ultrasonographist.
The ground truths of whether the CEUS videos belong to benign or
malignant cases are labeled. During training phase, the TICs set are
used as inputs to deep learning classiﬁer in order to train a model for
classiﬁcation. The obtained classiﬁcation model is the output at the
training phase. At the testing phase, the test CEUS videos are also
preprocessed as training phase and TICs are extracted by sparse
non-negative matrix factorizations. Subsequently, at the testing
phase, the classiﬁcation model is used to determine the class of
the case.

Fig. 3. Block diagram of the proposed framework for focal liver lesions classiﬁcation; the blocks inside the dash shaded rectangular box represent the training phase, and
the blocks within the real line box represent the testing phase.
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Table 2
Experiment results of the proposed method with two hidden layer on different
hidden units (mean± std).

Fig. 5. TICs extracted from one of the benign lesions. (a) and (b) show the TICs
corresponding to the arterial and portal vein phases, respectively.

4. Results and discussions
4.1. TICs extracted by sparse non-negative matrix factorizations
Fig. 4 shows the TICs extracted from one of the malignant lesions
(HCC cases). Fig. 5 shows the TICs extracted from one of the benign
lesions (hemangioma cases). It is easy to see that benign and malignant lesions can be differentiated by the wash-in (arterial phase)
and wash-out phase (portal vein phases).
4.2. Classiﬁcation results
To demonstrate the effectiveness of the classiﬁcation method
in the framework, we do some comparison experiments. Firstly,
we determine the experiment parameters of the training system
by comparison the classiﬁcation result of the training data with
different numbers of hidden layer and hidden unit. The experimental method with tenfold cross-validation testing was employed.
In tenfold cross-validation testing protocol, the training data is
divided into 10 subsets and the processing is repeated 10 times.
The results are averaged. Then, we use the training data to train a
model for classiﬁcation and test the model using testing data. To
evaluate the classiﬁcation performance, comparison experiments
are made among the proposed method and other methods such as
linear discriminant analysis (LDA) [45], K-nearest neighbors (KNN)
[46], support vector machine (SVM) [47] and back propagation net
(BPN) [37]. For quantitative evaluation, classiﬁcation performance
is measured by the accuracy, sensitivity and speciﬁcity [48].
In the proposed method, the learning rate is ﬁxed at 0.1, the max
epoch is set to 100, the momentum for smoothness is set to 0.5, and
the weight decay factor is set to 2e−4. For SVM, the Kernel function
is linear function. For KNN, the number of neighbors is set to 10, the
Euclidean distance is used. For BPN, the Feed-Forward network is
used, the learning rate is ﬁxed at 0.01, the max epoch is set to 500,
and the training target error is set to 0.01.
Tables 1–3 list the accuracy, sensitivity and speciﬁcity values
of the proposed method on different hidden unit for the number of hidden layer with 1, 2 and 3, respectively. It is easy to
Table 1
Experiment results of the proposed method with one hidden layer on different
hidden units (mean± std).
Units

Accuracy

5
10
20
30
40
50
60
70
80
90
100
200

87.95
87.95
87.95
87.95
87.95
87.95
87.95
87.95
87.95
87.95
87.95
87.95

±
±
±
±
±
±
±
±
±
±
±
±

4.02
3.56
4.42
4.29
6.07
4.02
5.36
4.55
4.68
5.67
4.02
6.59

Sensitivity
89.16
89.59
88.70
88.56
89.79
89.56
89.20
90.44
89.82
89.48
89.00
89.33

±
±
±
±
±
±
±
±
±
±
±
±

7.85
7.16
7.79
7.20
13.19
5.25
13.10
9.30
6.51
10.18
8.47
7.19

Speciﬁcity
87.74
87.75
87.58
87.27
87.51
87.41
87.51
87.55
87.36
87.76
87.43
87.81

±
±
±
±
±
±
±
±
±
±
±
±

5.09
4.87
5.09
4.75
6.74
5.90
5.10
4.92
6.15
7.31
4.07
7.54

Units

Accuracy

5
10
20
30
40
50
60
70
80
90
100
200

87.95
87.95
87.95
87.95
87.95
87.95
87.95
87.95
87.95
87.95
87.95
87.95

±
±
±
±
±
±
±
±
±
±
±
±

4.16
3.56
6.86
5.47
4.68
4.92
4.92
5.77
3.87
3.40
3.72
3.40

Sensitivity
89.39
89.90
89.07
88.30
89.93
88.58
88.37
89.41
88.53
89.23
89.60
89.29

±
±
±
±
±
±
±
±
±
±
±
±

16.07
8.06
8.35
14.78
9.53
9.90
12.24
9.34
6.24
8.98
6.19
9.16

Speciﬁcity
87.44
87.56
87.30
87.41
87.37
87.70
87.36
87.37
87.69
87.53
87.64
87.50

±
±
±
±
±
±
±
±
±
±
±
±

5.45
4.08
8.71
5.05
5.08
5.40
6.87
7.13
4.02
3.11
4.03
3.72

Table 3
Experiment results of the proposed method with three hidden layer on different
hidden units (mean± std).
Units

Accuracy

5
10
20
30
40
50
60
70
80
90
100
200

87.95
87.95
87.95
87.95
87.95
87.95
87.95
87.95
87.95
87.95
87.95
87.95

±
±
±
±
±
±
±
±
±
±
±
±

4.29
5.25
5.47
5.67
6.34
3.56
6.07
5.67
4.55
3.56
4.92
3.22

Sensitivity
88.96
88.64
88.47
88.87
89.59
89.28
89.29
89.65
89.49
88.15
89.43
89.64

±
±
±
±
±
±
±
±
±
±
±
±

7.32
10.39
7.94
11.43
7.68
6.65
9.49
6.50
6.84
8.50
7.51
9.25

Speciﬁcity
87.59
87.46
87.30
87.42
87.43
87.86
87.26
87.66
87.79
87.48
87.74
87.42

±
±
±
±
±
±
±
±
±
±
±
±

5.28
4.23
8.71
6.33
6.50
8.91
4.33
6.35
6.75
5.36
6.99
4.50

see that with the increasing hidden unit at different hidden layer,
there are not differences in accuracy values. The value of sensitivity and speciﬁcity has some differences, but the difference is
little. It demonstrates that the proposed method is robust to the
parameters.
Table 4 lists the accuracy, sensitivity and speciﬁcity values of the
compared methods. Fig. 6 shows the visual comparisons among
the accuracy, sensitivity and speciﬁcity values using the evaluated methods. Obviously, the proposed method outperforms the
compared methods in terms of accuracy, sensitivity and speciﬁcity
values.
4.3. Discussions
We have evaluated deep learning for the design of a classiﬁer
between malignant and benign focal liver lesions from contrast
enhanced ultrasound time-series data. There are a number of motivations for selecting deep learning as a classiﬁcation mechanism.
Deep learning has been largely applied to many classiﬁcation systems and have been shown to perform well [38–44]. Deep learning
architecture expresses its full potential when dealing with highly
varying functions. It allows unsupervised pre-training to achieve
good generalization performance in practice. Deep learning aims
at learning feature hierarchies with features from higher levels of
the hierarchy formed by the composition of lower level features.
Table 4
Experiment results of each learning algorithm on CEUS data.
Algorithm

Accuracy

Sensitivity

Speciﬁcity

LDA
KNN
SVM
BPN
Proposed

81.82
83.33
77.27
82.58
86.36

66.67
80.00
66.67
81.86
83.33

81.25
82.45
81.25
86.61
87.50
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(a)

(b)

(c)

Fig. 6. Experiment results of several learning algorithms on CEUS data. (a) Accuracy. (b) Sensitivity. (c) Speciﬁcity.

We perform deep learning on the TICs of the CEUS videos automatically extracted by sparse non-negative matrix factorizations. The
accuracy, sensitivity and speciﬁcity values are higher than other
compared methods.
In this study, we extracted the TICs of the arterial and the portal
venous phase of CEUS videos because the appropriate enhancement phase for distinguishing FLLs depended on the type of disease.
However, the quality of the CEUS videos depended on the patients’
condition. Therefore, dosage of contrast agent is an important variable required to extract accurate enhancement curves for both the
hepatic artery and portal vein. This problem was addressed by
the choice of the dosage and mechanical index to minimize these
effects. Different patients have differing ideal doses which is the
best chosen with experience. A similar issue related to image data
analysis of CEUS. The video images provided by ultrasound systems
are log-compressed data. The decompression function is unknown.
This raw envelope data is typically unavailable. Thus, future work
should operate on raw, unprocessed data.
Patient motion during acquisitions of different CEUS series
images may introduce inaccuracies in the discrimination of lesion
properties. To this end, an image registration method was applied
to the dynamic series to correct such motion before TICs were
extracted.
Nevertheless, the dataset is composed of a limited number of
lesions and types of liver diseases. For example, we did not include
focal nodular hyperplasia (FNH) because the number of FNH cases
was small. However, we believe that the diagnostic framework can
be used to classify other types of liver diseases which is our next
research direction in the future.
5. Conclusion
A deep learning based classiﬁcation for contrast enhanced ultrasound imaging is proposed in the paper. Distinctively, the proposed
method trains the classiﬁcation model through deep learning based
on the TICs extracted from CEUS videos. Extensive testing has
demonstrated that the proposed method outperforms the compared methods in accuracy, sensitivity and speciﬁcity.
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