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(57) ABSTRACT

The disclosure relates to a method for automatically recog-
nizing liver tumor types in ultrasound images. The method
specifically comprises: using a plurality of Regions of
Interest (ROIs) to represent a CEUS image; different lesions
are distinguished by the performance and changes of the
ROI in time and space; representing a space-time relation-
ship between ROIs by establishing a model in time and
space at the same time; and determining, by the model, a
relatively appropriate ROI and relevant parameters of the
mode] according to existing CEUS lesion samples by means
of an iterative learning method. After giving a sample, an
appropriate ROI can be determined and a reference diagno-
sis for the lesion can be given by removing part of inap-
propriate ROIs in advance and by means of a rapid search
method.
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METHOD FOR AUTOMATICALLY
RECOGNIZING LIVER TUMOR TYPES IN
ULTRASOUND IMAGES

CROSS REFERENCE TO RELATED
APPLICATIONS

[0001] The present application is a Continuation Applica-
tion of PCT Application No. PCT/CN2016/074645 filed on
Feb. 26, 2016, which claims the benefit of Chinese Patent
Application No. 201510885104 X filed on Dec. 3, 2015. All
the above are hereby incorporated by reference.

TECHNICAL FIELD

[0002] The disclosure relates to the field of medical image
processing and, in particular, to a method for automatically
recognizing liver tumor types in ultrasound images.

BACKGROUND

[0003] Liver tumors are the fifth most common tumors and
the second leading cause of death in cancer. Focal Liver
Lesions (FLLs) are abnormal solid or cystic masses in the
liver. The discovery of FLLs in the early stage of liver cancer
and the diagnosis of FLLs may have important significance
for the treatment of liver cancer. In the process of diagnosis,
medical images have played a very important role, and
especially in recent years, with the development of an
imaging technology, the location of medical images in
diagnosis is more and more important. Medical images
comprise Computerized Tomography (CT), Magnetic Reso-
nance Imaging (MRI), and Ultrasound (US) imaging, among
which the CT and the MRI require high costs and complex
instruments, and the CT may also cause ionizing radiation.
The US imaging has become more and more widely used
because of its low price, fast imaging, and noninvasive
imaging. However, due to an imaging mechanism of ultra-
sound, images obtained by the US imaging are blurred, have
a low resolution, and have a low signal-to-noise ratio. The
recently proposed Contrast-Enhanced Ultrasound (CEUS)
imaging method studies a dynamic enhancement pattern of
FLLs over a period of time by continuously imaging FLLs
over a period of time. By studying the differences and
changes of an FLL region with respect to surrounding
healthy tissues over time, CEUS can significantly improve
the detection results of FLLs. The use of CEUS images for
assisted diagnosis not only helps doctors to obtain more
information and improves the efficiency of diagnosis, but
also reduces unnecessary pain for patients.

[0004] During the actual diagnosis of liver tumors using
CEUS images, a doctor usually injects a contrast agent into
the blood vessels of a patient. As the contrast agent flows
along with blood in the body, the CEUS images will form
four main phases namely a plain phase, an arterial phase, a
portal phase, and a delayed phase. The duration and imaging
features of each region are different. A radiologist identifies
the FLLs, typically by observing an enhanced change form
of a lesion region over the three phases (arterial phase, portal
phase, and delayed phase). The portal and delayed phases
are mainly used to distinguish between malignant cancers,
such as Hepatocellular Carcinoma (HCC), and benign can-
cers, such as Hemangiomas (HEM) and Focal Nodular
Hyperplasia (FNH). Most of the malignant cancers show a
low enhancement in portal and delayed phases while most of
the benign cancers show flat enhancement or high enhance-
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ment. On the other hand, the arterial phase may provide
useful information for distinguishing specific liver cancer
categories. For example, the vast majority of HCC cases are
highly enhanced in the arterial phase, while some cases are
not uniformly enhanced or show a circular enhancement
around a larger nodule. In benign cases, most of HEM cases
show a peripheral nodular increase, another part shows a
rapid and uniform high enhancement. FNH cases may show
a spoke-like enhancement or a uniform high enhancement in
the arterial phase. Different changes in these same cases
described above will also be considered at the time of
diagnosis.

[0005] At this stage, the accuracy of diagnosis depends
heavily on the experience and level of a diagnosis doctor. At
the time of diagnosis, doctors often need to repeatedly view
the entire section of CEUS image, find the location of the
lesions in the images and an imaging mode of the lesions,
and finally diagnose the cases according to their own medi-
cal knowledge or medical knowledge in literatures. The
diverse and complex enhancement pattern of the liver cancer
mentioned above also brings great difficulties in distinguish-
ing different FLL types. In addition, the CEUS imaging is
ambiguous and requires experienced doctors to perform
detailed observations to identify and diagnose. This usually
takes a lot of time to deal with every case. At the same time,
the length of a section of CEUS image is usually 3 to 5
minutes. When the number and data of patients increase, it
will undoubtedly require a lot of labor and time for the
doctor.

[0006] On the other hand, the field of computer vision has
developed rapidly in recent years, and many good results
have been achieved in the field of natural images and
imaging such as object recognition, positioning, detection,
scene classification, segmentation, video tracking, motion
recognition and even semantic analysis. With the rapid
development of the field of machine learning, the combina-
tion of computer vision and machine learning is becoming
more and more intimate. Computer vision has begun to not
only simply process images and video itself, but has begun
to understand and process the content and even semantics of
images and videos. On some data sets, the accuracy of the
method for detecting objects has even exceeded the human
itself. The data and structure of medical images in computers
are not essentially different from natural images. Informa-
tion about a pixel is represented by a single value. Therefore,
methods and technologies in computer vision may be trans-
formed into the field of medical images. The method of
analyzing image and video content in computer vision may
also be practiced and applied in the field of medical images.
If the analysis and understanding of a medical image can be
realized, the computer may be used to assist a doctor in aided
diagnosis. By giving the key part and the key time in the
image, the imaging and changing features in an image will
be given, which may save plenty of time for the doctor’s
diagnosis. For new physicians, Computer-Aided Diagnosis
(CAD) systems can help or guide them in identifying
lesions, which is an important aid to training experienced
doctors. So in reality, the analysis of medical images has a
very considerable application prospect and value.

[0007] As mentioned above, with the development of
computer technologies such as a medical image processing
technology, machine learning, pattern recognition and a
computer vision technology, CAD systems have also been
developed and applied. In many other medical fields such as
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breast cancer, CAD systems have achieved good results by
assisting physicians in the analysis and interpretation of
medical images. At present, the relatively mature technolo-
gies of CAD systems for medical images comprise de-
noising, segmentation, registration, 3D reconstruction, and
so on. De-noising comprises: preprocessing an image, such
as adjusting a contrast and sharpening the image, so that
imaging is more conducive to the doctor’s observation; the
segmentation is to separate the same organ or region in an
image or image sequence from other parts, and prepare for
the next step of the CAD system, the registration is to match
the same part of different types of medical images in the
same case, thereby making it easier for doctors to view the
same region in different medical images; imaging of some
techniques such as CT is to scan a part of a human body
layer by layer to form a two-dimensional tomographic
image; and the 3D reconstruction is to combine these
two-dimensional images to form a three-dimensional model
of an organ or region.

[0008] Although a current CAD system has a certain
degree of application in these aspects, most of them are
dealing with medical images. The existing systems mainly
focus on segmentation of tissues and organs, interactive and
automatic segmentation of focal lesions, edge detection and
so on. The medical image processing is also mostly con-
centrated on images such as CT that are clearly imaged and
easy to handle. In the FLL recognition and diagnosis part of
a CEUS image, because of the disturbance of a lesion region
in three imaging stages of the CEUS image and various
imaging patterns, few CAD systems can analyze and rec-
ognize FLLs in the CEUS image. Even some of the cutting-
edge methods rely on manually determining the locations
and regions of the FLLs. The accuracy of manual annotation
is highly related to the doctor’s technical and domain
knowledge. Different doctors also have different understand-
ings of the lesions, which may cause the annotation time and
location to be slightly different. On the other hand, with the
increase in acquisition and processing technologies, the
number of CEUS data is growing at a fairly high rate.
Manual annotation requires a lot of time for doctors. There-
fore, a fully automated CAD system for analyzing and
diagnosing FLLs is extremely necessary.

[0009] In the field of medical image processing, there is
not much work to recognize liver FLLs in CEUS images.
Some methods use a quadratic curve to fit the average
grayscale temporal changes in the lesion region to represent
an imaging pattern of lesions in CEUS imaging to distin-
guish the lesion type and separate FNH from other lesion
types; or the lesion region is manually segmented, and
multiple cascaded neural networks are used to classify
lesions. There is also a method to propose a Dynamic
Vascular Pattern (DVP) to represent the imaging features of
the lesions. During the test, the surrounding normal tissue
and lesion regions are manually marked in a certain frame,
an average grayscale curve of two parts in the entire image
can be automatically generated, and then this curve is used
to distinguish between benign and malignant tumors,
thereby achieving a very good effect. In the above work,
more or less interactions are needed to determine the loca-
tion of lesions or normal tissues manually. Human interac-
tion relies heavily on the knowledge, skills and experience
of an operator, and it is easy to make different doctors have
different interpretations of the same case, thereby causing
disturbances in results. On the other hand, with the continu-
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ous growth of ultrasound image data, if doctors need to
manually interact with each case, they will consume a lot of
energy and time, and manual annotation of all data will
become more and more difficult. Therefore, a system that
can automatically perform aided diagnosis without manual
interaction is necessary.

[0010] In another field of medical image processing, it
focuses on automatic detection or segmentation of other
types of tumors. By using grayscale information, these
methods can find edge and region features, and ultimately
achieves segmentation of multiple tumors in a variety of
medical images.

[0011] Another type of treatment for liver tumors in ultra-
sound images is to track liver tumors in consecutive CEUS
images. Due to human respiration and motion, jitter of an
operator and the like, the tumors in the ultrasound images
will often change locations and sizes, and sometimes they
will be blocked, causing the grayscale of the tumors to
change or even disappear. Most of the methods in this field
perform tracking by region matching via various features or
slight disturbances. Or, a spatial relationship between local
information of a region and the region is considered at the
same time, and a model is used to jointly express the two. To
prevent tracking errors from accumulating over time, some
methods also use models to express a relationship between
image appearance information and tumor bias. It starts with
human respiration and tries to correct the offset locations of
the tumors by performing template matching on the tissues
in some frames, or by finding out the errors caused by human
respiration, and finally, the tracking accuracy is improved.
Determining the location of the lesion is a very important
step in the recognition of this method, but these methods still
do not recognize the FLLs. The field of medicine still does
not directly recognize the types of lesions.

SUMMARY

[0012] An objective of the disclosure is to overcome the
defects in the related art, to make up for the gaps in the
related art, and to provide a method for automatically
recognizing liver tumor types in ultrasound images.

[0013] To achieve the objective of the disclosure, the
disclosure adopts the technical solution as follows.

[0014] A method for automatically recognizing liver
tumor types in ultrasound images comprises the steps as
follows.

[0015] In S1, a model is used to represent a case, and a
local classifier is used to represent possible change forms of
a lesion.

[0016] In S2, ultrasound images of a group of cases and
the type of liver cancer in each case are input as a training
sample.

[0017] In S3, the values of model parameters are all
initialized to 0, or are randomly initialized with a Gaussian
probability distribution which has the expectation of zero.

[0018] In S4, based on the model parameters, in an ultra-
sound image video of a case, a dynamic programming
algorithm is used to search for an optimal Region of Interest
(ROI) location, size, and time for each local classifier, so that
when a model determines that the lesion class of the training
sample is correct, a maximum score is obtained.

[0019] 1In S5, a graph cut algorithm is used to determine a
specific change form and ROI of the case.

[0020] In S6, based on the ROI determined in S5, the
training sample in S2 is used as an input, a cutting-plane
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algorithm is used to train it, and outputs of the algorithm are
used as model parameters to obtain possible locations and
sizes of lesions in the case and the number of local classi-
fiers.

[0021] In S7, S4 to S6 are repeated to acquire the lesion
type of each case of a training sample data type, the
correctness of the acquired lesion type is judged, and when
the number of judgment errors is fixed or the number of
repetition steps reaches a preset value, training model
parameters are obtained.

[0022] In S8, the training model parameters acquired in S7
are used to determine an optimal ROI location, size, and
time for all local classifiers in an ultrasound image video of
a case to be detected; a graph cut algorithm is used to
determine a specific change form and ROI of the case to be
detected; and a model is used to obtain a probability score
for a lesion according to the determined change form and
ROL

[0023] In S9, S2 to S8 are repeated for all lesion types in
the case to be detected, and a probability score for one lesion
is obtained by each repetition, a lesion type corresponding to
the highest probability score being the lesion type of the case
to be detected.

[0024] Preferably, an ROI is respectively extracted for an
input case ultrasound image at three phases namely an
arterial phase, a portal phase and a delayed phase, the three
ROIs being used to express FLLs.

[0025] Appearance features of an ROl interior, appearance
features of an ROI boundary and appearance features of an
ROI periphery are respectively extracted on the ROl interior,
the ROI boundary and the ROI periphery of the ROI at each
phase, and an average grayscale difference between the ROI
interior and the ROI boundary and an average grayscale
difference between the ROI interior and the ROI periphery
are also acquired in the ROI at each phase.

[0026] When regional features of the ROI interior, the ROI
boundary and the ROI periphery are extracted, the contrast,
correlation, energy, and identity of a regional grayscale
co-occurrence matrix are used as appearance features.
[0027] The ROI interior is obtained by reducing the
selected ROI, and the ROI periphery is obtained by ampli-
fying the selected ROL

[0028] The local classifier is a linear local classifier, the
local classifier being used to determine the FLL change class
of an ROI at a certain phase.

[0029] Preferably, model parameters in S2 are all initial-
ized to 0, or are randomly initialized with zero expectation.
[0030] Preferably, in S3, pruning is used first, and then an
optimal ROT is searched by using a dynamic programming
method. A specific process is as follows.

[0031] A pruning process comprises time and space prun-
ing
[0032] The time pruning is: calculating the grayscale

feature of a grayscale co-occurrence focus in a certain frame
in an ultrasound image video, and making a difference
between vector frames to obtain a change value used to
represent each frame; using a series of values obtained
within a period of time to represent the degree of change of
each frame within the period of time; arranging this series of
values in a time sequence, and extracting the local maximum
points to obtain a frame most dramatically changing within
a period of time; selecting these frames corresponding to the
local maximum points to obtain candidate frames of a lesion
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region; and in the remaining candidate frames, removing
some unimportant regions based on experience.

[0033] The space pruning is mainly achieved by using a
priori of significance and location, comprising: calculating a
saliency map of the entire image first, normalizing the
saliency map, and averaging salient values in a region to
obtain a salient value of the region, the priori of location
being image-centered Gaussian distributions; and multiply-
ing the values obtained from priori information of these two
parts to obtain the probability that a certain region is an FLL
region, and selecting a region of the probability is greater
than the threshold as a candidate ROI.

[0034] Dynamic programming is used to search an RO,
after time and space pruning, a different number of frames
will be retained within three different phases, and a different
number of candidate ROIs will be retained within each
frame; and in the timing constraint, two ROIs adjacent to
each other in a chronological order must be close to each
other at a spatial location. The dynamic programming
method is: finding an ROI within a previous phase, so that
it is in the vicinity of a current ROI, and its score plus timing
relationship score of the current ROI can reach a maximum
value; then searching a local classifier, so that an appearance
score of the current ROI is maximized

[0035] Preferably, in S3, after searching for an optimal
ROI, selection of the local classifier for the case will also be
adjusted. The adjustment mode is: increasing, decreasing, or
maintaining the number of local classifiers.

[0036] In this process, the goal is to maximize a local
classifier score selected for each case while maximizing the
similarity measure of two cases’ ROls under the same local
classifier.

[0037] Preferably, a specific mode to achieve the above
goal is: using a Euclidean distance between two ROI fea-
tures as a measurement of similarity, and using a graph cut
algorithm to solve the problem by converting into a graph
label problem.

[0038] Compared with the related art, the beneficial effects
of the disclosure are as follows. The method for automati-
cally recognizing liver tumor types in ultrasound images
provided by the disclosure can rapidly and accurately obtain
the lesion type of a case and overcome the shortage of
manually determining a lesion region.

BRIEF DESCRIPTION OF THE DRAWINGS

[0039] FIG. 1 is a diagram of a space-time AND-OR
model;

[0040] FIG. 2 is a diagram of model parameters;

[0041] FIG. 3 is a diagram of space pruning;

[0042] FIG. 4 is a diagram of dynamic programming

reasoning in a model reasoning method,

[0043] FIG. 5 is a reconfiguration diagram of a model
structure; and
[0044] FIG. 6 is a partial result diagram of the method of

the disclosure.

DETAILED DESCRIPTION OF THE
EMBODIMENTS

[0045] The disclosure will be further described below with
reference to the drawings, but the embodiments of the
disclosure are not limited thereto.

[0046] The disclosure mainly provides a method for auto-
matically recognizing liver tumor types in ultrasound



US 2018/0276821 Al

images, comprising two parts: a method for representing a
liver tumor in an ultrasound image; and a method for
automatically determining the location, time and size of a
lesion in an ultrasound image and recognizing the lesion.
[0047] For the convenience of description, key terms are
defined as follows.

[0048] ““Vector” is a set of sequentially arranged numbers
that can be represented in a computer programming lan-
guage, such as an array in C language.

[0049] “Model” is a set of rules that can take a video of a
case as an input and output it as a possible value for a
particular lesion. In this method, the model divides the input
into a vector with a certain structure according to the rules,
and multiplies model parameter vectors by elements to
obtain a possible value. The larger the value is, the more
likely it belongs to that type of lesion.

[0050] “Model parameter” is a vector. By inputting ultra-
sound image videos of multiple cases and corresponding
lesion types by a user, a specific value of a model vector may
be obtained by using a learning method in the disclosure.
[0051] “ROI” is a region on a video frame that consists of
all pixels in this portion of a frame of image. In this method,
these regions are identified as lesion regions.

[0052] “Local classifier” is a part of the model. An ROI is
input, and a value indicating whether the ROI belongs to a
specific change form of a certain lesion. The larger the value
is, the more likely it belongs to that specific change.
[0053] For an ultrasound video of a case, this method
comprises: automatically extracting an ROI in a certain
frame at three imaging phases as the location of a lesion, and
representing it with an AND-OR model structure. The model
structure is as shown in FIG. 1. The three imaging phases in
FIG. 1 are combined to represent a case class.

[0054] An imaging mechanism of ultrasound images
makes each ROI change considerably at different times and
in different cases. At the same time, internal echo and
posterior echo enhancements will be generated in the ultra-
sound image, thereby making it more important to refer to
an enhancement pattern of surrounding tissues when extract-
ing the features of the ROL.

[0055] This method extracts the features of the ROI in the
following ranges: an ROI interior, used to describe a lesion
itself; an ROI boundary, used to describe the shape of the
lesion; and a normal tissue portion within a certain range of
an ROT periphery, used to describe a posterior echo enhance-
ment pattern of this ultrasound image. In addition, an
internal echo pattern of the lesion is obtained by making a
difference between an average grayscale of a lesion region
and surrounding and an average grayscale of a lesion region
edge and a lesion interior.

[0056] When extracting the features of the three regions of
the ROI, the contrast, correlation, energy, and identity of a
region grayscale co-occurrence matrix are used as appear-
ance features in this method. Thus, a feature vector of the
ROI is represented by five parts: appearance features of an
ROI interior, appearance features of an ROI boundary,
appearance features of an ROI periphery, an average gray-
scale difference between the ROI interior and the ROI
boundary, and an average grayscale difference between the
ROI interior and the ROI periphery.

[0057] The other features of the case consist of a vector
obtained by making a difference between appearance feature
vectors of two ROIs and a Euclidean distance from spatial
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coordinates of the two regions. This part correspondingly
represents timing features of the case.

[0058] All the appearance features and the timing features
are spliced together to obtain a representation mode as
shown in FIG. 2, where a circle with horizontal lines
represents a selected local classifier, and a hollow circle
represents an unselected local classifier, corresponding fea-
tures being set as 0.

[0059] The above method may convert a piece of ultra-
sound image video into features, represented by a vector.
This vector will be used for ultrasound image recognition.
[0060] After obtaining the vector representation of the
ultrasound image, the following steps are needed to recog-
nize a liver cancer lesion region in the ultrasound image.
[0061] 1. A user inputs ultrasound images of a group of
cases and the type of liver cancer in each case as training
data.

[0062] 2. An initial value is set for a model parameter.
[0063] 3. The model parameter is used to determine an
optimal ROI location, size and time for all local classifiers
in an ultrasound image video of each case.

[0064] 4. A graph cut algorithm is used to determine a
specific change form and ROI of each case.

[0065] 5. The model parameter is trained by using an SVM
method based on these ROIs.

[0066] 6. S3 to S5 are repeated; until the lesion type of the
training data is judged, it is determined that the number of
judgment errors is no longer reduced; or until the number of
repetition steps reaches a preset value, a model parameter is
obtained.

[0067] 7. A case is given, and the model parameter and
method obtained above are used to obtain the ROI location,
size, time and change pattern of the case.

[0068] 8. The above steps are repeated for all possible
lesion types, the most likely type being a lesion type
recognized by this method.

[0069] Herein, model parameters in S2 may be all initial-
ized to 0, or randomly initialized with zero expectation.
[0070] In S3 to S5, a Latent Structural SVM method is
used to optimize a model. While obtaining the model
parameters, the possible location and size of a lesion and
number of local classifiers in the training data are deter-
mined. Iterative training is performed between an objective
fanction of the optimized model and the determined ROIL.
[0071] In S3, the method searches for the size, location
and frame of an ROI with the highest score for each local
classifier when calculating a hidden variable via a fixed
model parameter. During searching for the RO, this method
uses pruning first and then uses dynamic programming
[0072] In an ultrasound image, two frames generally
appear to be very smooth, and when a lesion region starts to
show an enhancement pattern, the grayscale will generally
have a large change with the nearby frame in a time
sequence. Therefore, in some periods of time, when a lesion
region enhancement pattern is obvious, those frames that
have the greatest change in grayscale are more likely to be
selected to be used as temporal candidate frames.

[0073] Specifically speaking, for a certain frame in the
ultrasound image, grayscale features of a grayscale co-
occurrence focus are calculated on this frame, and a differ-
ence is made between vector frames to obtain a value used
to represent the degree of change of each frame. By arrang-
ing this string of values in a chronological order and
extracting the local maximum points from it, a frame most



US 2018/0276821 Al

dramatically changing within a period of time may be
obtained. By selecting these frames, candidate frames of the
lesion region may be obtained.

[0074] After the time pruning in the previous step, less
important regions are removed in the remaining candidate
frames. In this step of pruning, the significance and location
priori are mainly used. First, the saliency map of the entire
image is calculated, and normalized, and the salient values
in the region are averaged to obtain a salient value of the
region. The second location priori is image-centered Gauss-
ian distribution. The values obtained from the priori infor-
mation of these two parts are multiplied to obtain the
probability that a certain region is an FLL region, as shown
in FIG. 3. A threshold is set, and a region having a prob-
ability greater than the threshold is selected as a candidate
ROI, where a circle shown in FIG. 4 is a candidate ROI.

[0075] Dynamic programming is then used to search an
ROI; after time and space pruning, a different number of
frames will be retained within three different phases, and a
different number of candidate ROIs (circle) will be retained
within each frame, as shown in FIG. 4. In the timing
constraint of the method model, two ROIs adjacent to each
other in a chronological order must be close to each other at
a spatial location. A dynamic programming algorithm in this
method is: finding an ROI within a previous phase, so that
the ROl is in the vicinity of a current RO, and its score plus
timing relationship score of the current ROI can reach a
maximum value; and searching a local classifier, so that an
appearance score of the current ROI is maximized. As
shown in FIG. 4, a solid circle is an ROI selected by the
dynamic programming algorithm.

[0076] After finding the optimal ROI, the method will
adjust selection of the local classifier for each case, and
increase, decrease, or maintain the number of local classi-
fiers, thereby ensuring that the number of ROIs in each local
classifier, i.e., a sub-class, is not too small, so as to achieve
the purpose of reconfiguring the model structure. In this
process, the goal of the method is to make the local classifier
scores for each case selected as high as possible while
making the ROIs as similar as possible between the cases
where the same local classifier is selected. This method
specifically maximizes the model score while maximizing
the similarity measure of the two ROIs under the same local
classifier, and makes the number of local classifiers as few
as possible to prevent a situation that a local classifier is
provided for a case during actual operation. Here, a Euclid-
ean distance between two ROI features is specifically used
as a measure of similarity therebetween, and a graph cut
algorithm is used to solve the problem by converting into a
graph label problem.

[0077] After the problem is solved, the label of each node
is the corresponding local classifier selected by the node or
in the sample, and the ROI selected by the local classifier is
the optimal ROI. At the same time, the number of local
classifiers may also be determined, thereby completing the
reconfiguration of the AND-OR model. As shown in FIG. 5,
the model in (a) is reconfigured as the model in (b). In the
first stage, a local classifier is added to represent a newly
discovered lesion imaging pattern.

[0078] Finally, in S7 and S8, all possible classes are
traversed, and the largest class is taken out as a recognition
result, as shown in FIG. 6. At the same time, the found ROI
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is used as an analysis result of this method, and it can
provide more information and reference for the aided diag-
nosis of a doctor.

[0079] The above-described embodiments of the disclo-
sure do not limit the protection scope of the disclosure. Any
modifications, equivalent replacements and improvements
made within the spirit of the disclosure shall fall within the
protection scope of the claims of the disclosure.

What is claimed is:

1. A method for automatically recognizing liver tumor
types in ultrasound images, comprising:

S1: using a model to represent a case, and using a local

classifier to represent possible change forms of a lesion;

S2: inputting ultrasound images of a group of cases and
the type of liver cancer in each case as a training
sample;

S3: initializing the values of model parameters all to 0, or
randomly initializing the values with a Gaussian prob-
ability distribution which has the expectation of zero;

S4: based on the model parameters, in an ultrasound
image video of a case, using a dynamic programming
algorithm to search for an optimal Region of Interest
(ROI) location, size, and time for each local classifier,
so that when a model determines that the lesion class of
the training sample is correct, a maximum score is
obtained;

S5: using a graph cut algorithm to determine a specific
change form and ROI of the case;

S6: based on the ROI determined in S5, using the training
sample in S2 as an input, using a cutting-plane algo-
rithm to train it, and using outputs of the algorithm as
model parameters to obtain possible locations and sizes
of lesions in the case and the number of local classi-
flers;

S7: repeating S4 to S6 to acquire the lesion type of each
case of a training sample data type, judging the cor-
rectness of the acquired lesion type, and when the
number of judgment errors is fixed or the number of
repetition steps reaches a preset value, obtaining train-
ing model parameters;

S8: using the training model parameters acquired in S7 to
determine an optimal ROI location, size, and time for
all local classifiers in an ultrasound image video of a
case to be detected, using a graph cut algorithm to
determine a specific change form and ROI of the case
to be detected, and using a model to obtain a probability
score for a lesion according to the determined change
form and ROI; and

S9: repeating S2 to S8 for all lesion types in the case to
be detected, and obtaining a probability score for one
lesion by each repetition, a lesion type corresponding to
the highest probability score being the lesion type of
the case to be detected.

2. The method according to claim 1, wherein an ROI is
respectively extracted for an input case ultrasound image at
three phases namely an arterial phase, a portal phase and a
delayed phase, the three ROIs being used to express FLLs;

appearance features of an ROI interior, appearance fea-
tures of an ROI boundary and appearance features of an
ROI periphery are respectively extracted on the ROI
interior, the ROI boundary and the ROI periphery of the
ROI at each phase, and an average grayscale difference
between the ROT interior and the ROI boundary and an
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average grayscale difference between the ROI interior
and the ROI periphery are also acquired in the ROI at
each phase; and

when regional features of the ROI interior, the ROI

boundary and the ROI periphery are extracted, the
contrast, correlation, energy, and identity of a regional
grayscale co-occurrence matrix are used as appearance
features.

3. The method according to claim 2, wherein in S3,
pruning is used first, and then an optimal ROl is searched by
using a dynamic programming method, a specific process
being as follows:

a pruning process comprises time and space pruning;

the time pruning is: calculating the grayscale feature of a

grayscale co-occurrence focus in a certain frame in an
ultrasound image video, and making a difference
between vector frames to obtain a change value used to
represent each frame; using a series of values obtained
within a period of time to represent the degree of
change of each frame within the period of time; arrang-
ing this series of values in a time sequence, and
extracting the local maximum points to obtain a frame
most dramatically changing within a period of time;
selecting these frames corresponding to the local maxi-
mum points to obtain candidate frames of a lesion
region; and in the remaining candidate frames, remov-
ing some unimportant regions based on experience;
the space pruning is mainly achieved by using a priori of
significance and location, comprising: calculating a
saliency map of the entire image first, normalizing the
saliency map, and averaging salient values in a region
to obtain a salient value of the region, the priori of
location being image-centered Gaussian distributions;
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and multiplying the values obtained from priori infor-
mation of these two parts to obtain the probability that
a certain region is an FLL region, and selecting a region
of the probability is greater than the threshold as a
candidate ROI;

dynamic programming is used to search an ROI; after

time and space pruning, a different number of frames
will be retained within three different phases, and a
different number of candidate ROIs will be retained
within each frame; in the timing constraint, two ROIs
adjacent to each other in a chronological order must be
close to each other at a spatial location; the dynamic
programming method is: finding an ROI within a
previous phase, so that the ROI is in the vicinity of a
current ROI, and its score plus timing relationship
score of the current ROI can reach a maximum value;
and searching a local classifier, so that an appearance
score of the current ROI is maximized

4. The method according to claim 3, wherein in S3, after
searching for an optimal RO, selection of the local classifier
for the case will also be adjusted, the adjustment mode
being: increasing, decreasing, or maintaining the number of
local classifiers;

in this process, the goal is to maximize a local classifier

score selected for each case while maximizing the
similarity measure of two ROIs under the same local
classifier.

5. The method according to claim 4, wherein a specific
mode to achieve the above goal is: using a Euclidean
distance between two ROI features as a measure of simi-
larity therebetween, and using a graph cut algorithm to solve
the problem by converting into a graph label problem.
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