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In recent years there have been many studies on computer-aided diagnosis (CAD) using convolutional neural networks (CNNs). For CAD of a
tumor, data are generally obtained by cropping a region of interest (ROI), including a tumor, in an image. However, ultrasonic diagnosis also uses
information from around a tumor. Therefore, in CAD using ultrasound images, diagnostic accuracy could be improved by using a ROI that includes
the periphery of the tumor. In this study, we examined how much of the surrounding area should be included in a ROI for a CNN using ultrasound
images of liver tumors. We used the ratio between the maximum diameter of the tumor and the ROI size as the index for ROI cropping. Our results
show that the diagnostic accuracy was maximized when this index is 0.6. Therefore, optimal ROI cropping is important in CNNs for ultrasonic
diagnosis. © 2020 The Japan Society of Applied Physics

1. Introduction

In the field of ultrasound imaging, various methods such as B-
mode image improvement,1–7) blood flow measurement,8–11)

elastography12–17) and ultrasonic attenuation measurement18–22)

have been developed in order to improve diagnostic accuracy. In
addition, research on computer-aided diagnosis (CAD) for
medical images using convolutional neural networks (CNNs),
a deep learning technique, has been actively conducted in recent
years. For example, it has been reported that CAD for benign
and malignant skin lesions from camera images of the skin
surface,23) CAD for gastric cancer and colon polyps from
endoscopic images24,25) and diabetic retinopathy from retinal
images26) can all have a high diagnostic accuracy using a CNN.
In addition, research on the use of CNNs with ultrasound

images has been reported for the diagnosis of benign and
malignant breast and thyroid tumors27–33) and the automatic
detection of breast tumors and heart lumens.31–36) However,
the number of reports is still small. One reason for this is
considered to be the small number of ultrasonic image
databases. Therefore, the Japan Society of Ultrasonics in
Medicine (JSUM) is currently constructing a database of
ultrasound images of liver tumors, breast tumors and
hearts.37,38) Our study is also part of that project, and we
used some of the data collected in that project.
In general, when CAD of a tumor is performed using a

CNN, a region of interest (ROI) that touches a tumor is
cropped and learning is subsequently performed using this
ROI.27,39,40) Therefore, ROI images that crop only the tumor
region have been used in conventional CAD research with
ultrasound images.27,31,32,34) However, ultrasound diagnosis
is performed not only by using the information on the internal
echo of the tumor but also that on the posterior echo and
lateral shadow of the tumor. Therefore, in CAD using
ultrasound images it is expected that the accuracy of cropping
the ROI with the tumor and its surrounding regions would be
higher than when cropping only the tumor. However, there
have been no studies examining how much of the area around
the tumor should be included in the ROI. Current reports
suggest that in the case of breast tumor ultrasound images
there is no difference in accuracy between cases in which the
entire image is used as the ROI and those where the ROI of

only the tumor is used in the CAD.31) However, we believe
that these two ROIs are not optimal conditions for a CNN.
We previously investigated the effects of cropping liver
tumor ultrasound images in CAD.41) We evaluate this in
more detail and report the results in this paper.
Note that ROI cropping is the first and most laborious task

in the creation of CNN training data. Therefore, clarification
of the optimal ROI cropping index may provide useful
information for researchers using CNNs in ultrasound
images. Therefore, in this paper we investigate in detail the
effects of ROI cropping in CAD for liver tumor ultrasound
images and report the optimal cropping conditions.

2. Methods

2.1. Data
The data we used in this paper were ultrasound B-mode
images of liver tumors collected in 2018 from Kindai
University with the approval of their Ethics Committee. In
total, the data comprise 324 cases and 980 images, classified
into 159 cases of liver cysts (338 images), 68 cases of hepatic
hemangioma (279 images), 73 cases of hepatocellular carci-
noma (HCC; 241 images) and 24 cases of metastatic liver
cancer (122 images), as shown in Table I. This shows that
there are many cases of liver cyst and few of metastatic liver
cancer.
2.2. Annotation
For annotation, we used our own software and recorded the
central coordinates of the tumor in the image and the
maximum diameter of the tumor in pixels. In our software
a circle is displayed on the image to set the tumor position;
we adjusted the diameter and central coordinates of the circle
so that it touches the tumor. The central coordinates and the
diameter of the circle were then recorded.
2.3. ROI cropping
As the input image in CNN is basically a square image, we
set the input image of our CNN to a square image also.
Therefore, we used the ratio D/L of the maximum diameter of
the tumor and the size of the ROI as an index for ROI
cropping [Fig. 1(a)]. Here, D is the maximum diameter of the
tumor and L is the size of one side of the square ROI image.
We cropped the ROI by changing this D/L value from 0.1 to
1.1 in increments of 0.1, and evaluated the diagnostic
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accuracy at each D/L ratio. An example in which ROI is
cropped at each D/L value is shown in Fig. 1(b). However, if
the tumor size is very small, the size of the ROI will also be
very small and will then have to be greatly enlarged when
resizing to the CNN input image size. For this reason, we set
a lower limit for the ROI size of 64× 64 pixels, which is the
input image size of our CNN. In this study, we cropped the
ROI to make sure the tumor was at the center of the ROI.
2.4. Data augmentation and preprocessing
Given that the dataset used in this study was small, we
increased the number of training data via data augmentation.

In this study, we added a left–right reversed image of the
ROI, images rotated ±5° and ±10° around the center of the
tumor and their left–right reversed image as training data. In
other words, we increased the training data to 10 times the
number of original ROI images. However, we used only the
original ROI images as validation data and test data. Unlike
camera images, the ultrasound images have directional
dependence on the direction of the ultrasonic beam. Hence,
a greatly rotated image should not be added to the training
data. Since the ultrasound images of liver tumors were
generally measured with a convex probe, the maximum
deflection angle of the ultrasound beam was about ±30°.
Therefore, in this study we added rotation images up to ±10°
to the training data. When creating a rotated ROI image, we
cropped the original image which was rotated around the
center of the tumor. Finally, we resized all the ROI images to
our CNN input image size (64× 64 pixels).
2.5. Convolutional neural network
In this paper, the CNN we created for liver tumor diagnosis
was based on VGGNet,42) a basic CNN. The histogram of the
maximum diameter of the liver tumor in the ultrasound
images is shown in Fig. 2 and the average value was 67.7
pixels. Therefore, we set the input image size of CNN to
64× 64 pixels. In addition, because the ultrasonic B-mode
image is a grayscale image, we set the input image as a
grayscale image. Therefore VGGNet was changed to support
this input image.
We also assigned probabilities to the four types of liver

tumors: liver cysts, hepatic hemangioma, HCC and metastatic
liver cancer.
Figure 3 shows the CNN we created based on these inputs

and outputs. “Conv” in Fig. 3 represents the convolutional
layer with a filter size of 3× 3. The number after “Conv”
indicates the number of channels. We used the ReLU
function as the activation function and max pooling as the

Table I. Dataset of ultrasound B-mode images of liver tumors.

Tumor types

Liver cyst Hepatic hemangioma Hepatocellular carcinoma Metastatic liver cancer Total

Number of cases 159 68 73 24 324
Number of images 338 279 241 122 980

(a)

(b)

Fig. 1. Definition of ROI cropping index D/L and examples of the ROI
cropped by each D/L value: (a) definition of D/L; (b) example of ROI
cropped by each D/L value.

Fig. 2. Histogram of the maximum diameter of liver tumors.
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pooling method. “FC” represents the fully connected layer,
with the number after is representing its output size.
“BatchNorm” represents a batch normalization layer that
performs normalization in each mini batch. “Dropout”
represents a dropout layer that has the effect of preventing
overfitting by randomly performing dropouts on its inputs
during the training process. The number after “Dropout”
indicates the probability of dropping out its input. The last
feature, “Softmax”, is a layer that gives the probability of
each class using the softmax function.
In addition, we used Adam (adaptive moment estimation)

as the solver for optimization during learning, and we set the
learning rate to 0.001. Also, the mini batch size was set to
half the training data and the epoch number to between 20
and 30. Finally, we estimated the tumor type with the highest
probability among the four possible tumor types, which is the
output of the CNN.
2.6. Validation
In this study we utilized the k-fold cross-validation technique
(k= 10) because the dataset was small. As many images of

the same case are similar and the number of images included
in each case is different we evaluated the accuracy of a case
as a unit. That is, one case is one unit. Specifically, we first
divided the cases into 10 groups at random. Next, we set one
group as the test data, another group as the validation data
and the remaining eight groups as training data. When
dividing into groups, we made the number of cases of each
tumor type approximately the same. We trained the CNN
using the training data and used the validation data to prevent
overtraining; we finally evaluated the CNN using the test
data. Next, we replaced the groups used for test data,
validation data and training data and performed the next
verification. By repeating this process 10 times, so that all
groups are used as test data once, we evaluated all the
datasets.
As an evaluation index for validation and testing top

priority was given to accuracy in case units. For calculating
the accuracy in case units, we first calculated the average
probability of each tumor type by averaging the probabilities
of the four tumor types in each image, for all the images

(a) (b)

Fig. 3. CNN for diagnosing four liver tumors: (a) overview of the CNN; (b) simplification of the convolution layer, batch normalization layer and ReLU
function.
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included in the same case. Next, we selected the tumor type
with the highest average probability as the estimated result of
the case. We calculated the accuracy in case units by dividing
the number of correct cases by the total number of cases.
However, when the accuracy in case units became the same
as in the case of validation, we used the accuracy in the image
units as the second evaluation index.
The CNN training was run 150 times by randomly

initializing the weight of the filter and changing the number
of epochs to 20, 25 and 30. Figure 4 shows an example of a
change in accuracy during training. In Fig. 4, the accuracy for
the training data increases as the number of epochs increases.
However, the accuracy for the validation data is maximum
when the number of epochs is 25 and decreases thereafter.
That is, in this case, overtraining occurs when the number of
epochs is 25 or more. However, the number of epochs at
which the accuracy for the validation data is maximum varies
from 20 to 30 depending on the initial value of the filter
weight. Therefore, we set the number of epochs to 20, 25 and
30 in order to find a better trained network.
We evaluated the accuracy of the validation data using the

above evaluation index, and finally evaluated the accuracy of
the test data using the network with the highest accuracy in
the validation data.

3. Results and discussion

3.1. Results
Figure 5 shows the results of evaluating the accuracy, in case
units, of data that were cropped by changing the D/L ratio of
the maximum diameter of the tumor and the ROI size from
0.1 to 1.1. The result of evaluating the accuracy in image
units in the same network is shown in Fig. 6. These results
show that the accuracy, in case units, was greatest when D/L
was 0.5 and 0.6. In addition, the accuracy in image units was
maximized when D/L was 0.6. However, even if the ROI was
cropped by changing the D/L from 0.1 to 1.1, the accuracy in
case units only changed by approximately 6%. Under the
same conditions, the accuracy in image units changed by
approximately 7%. However, CAD is suitable when the
accuracy is as high as possible, and hence accuracy should be
improved by optimization of ROI cropping. Here, Fig. 7
shows an example of images that could be correctly estimated
when D/L= 0.6 and Fig. 8 shows an example of images that
could not be correctly estimated.

Table II shows the accuracy in case units for each tumor
type at each D/L value. From these results, the accuracy of
liver cysts tended to increase as D/L decreased. There was no
clear relationship between accuracy and D/L for other tumor
types because of the small number of data. However, there
was a trade-off relationship between the accuracy of diag-
nosis of hepatic hemangioma and HCC.
Next, we used the Dice coefficient to evaluate the

similarity between the set of correct cases with D/L= 0.6,
which had the highest accuracy, and the set of correct cases
with other D/L ratios. This result is shown in Fig. 9. The Dice

Fig. 4. Example of transition of accuracy in training.

Fig. 5. Accuracy in case units at each D/L value.

Fig. 6. Accuracy in image units at each D/L value.

© 2020 The Japan Society of Applied PhysicsSKKE09-4

Jpn. J. Appl. Phys. 59, SKKE09 (2020) M. Yamakawa et al.



coefficient tended to decrease as the D/L value moved away
from 0.6. However, the Dice coefficient between the result at
D/L= 0.6 and the other results was 0.92 or more; therefore,
there was no significant difference in the set of correctly
diagnosed cases. Figure 10 shows the overlap of the three
sets of correct cases at D/L= 0.2, 0.6 and 1.0. This figure
confirmed that the correctly diagnosed cases differed slightly
between D/L= 0.2 and D/L= 1.0.
3.2. Discussion
As a result of comparing the accuracy of CNN by changing
D/L from 0.1 to 1.1, the accuracy in case units was a
maximum when D/L was 0.5 and 0.6. The accuracy in image
units was a maximum when D/L was equal to 0.6. From this
result, it was confirmed that by using an ultrasound image of
a liver tumor in CAD, accuracy was improved by using a
ROI that includes not only the tumor but also the surrounding

Fig. 7. Example of images that were estimated correctly.

Fig. 8. Example of images that were estimated incorrectly.

Table II. The accuracy of diagnosis of each tumor type at each D/L value.

D/L Accuracy for each tumor type

Liver cyst
Hepatic he-
mangioma HCC

Metastatic liver
cancer

0.1 99.4% 73.5% 76.7% 12.5%
0.2 98.7% 91.2% 75.3% 20.8%
0.3 98.7% 85.3% 86.3% 16.7%
0.4 98.1% 86.8% 84.9% 29.2%
0.5 98.7% 91.2% 82.2% 29.2%
0.6 98.1% 86.8% 86.3% 29.2%
0.7 98.1% 86.8% 84.9% 29.2%
0.8 97.5% 89.7% 79.5% 29.2%
0.9 97.5% 85.3% 83.6% 16.7%
1.0 96.2% 88.2% 76.7% 33.3%
1.1 98.1% 86.8% 74.0% 20.8%

Fig. 9. Dice coefficient between a set of correctly diagnosed cases at D/
L = 0.6 and those at other D/Ls.

Fig. 10. (Color online) Overlap of the three sets of correctly diagnosed
cases at D/L = 0.2, 0.6 and 1.0.
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area. This is consistent with the conventional knowledge that the
information inside the tumor and in the surrounding area are both
important in diagnosis using an ultrasound image. However, the
accuracy decreases when D/L is small because the information
inside the tumor is lost due to reduction of the image to the CNN
input size. Also, the information useful for tumor diagnosis
within the ROI decreases when the D/L ratio is small. Therefore,
in this study, it is considered that the accuracy was highest at
around D/L= 0.6. However, because the influence of D/L in
ROI cropping on diagnostic accuracy in case units is relatively
small, it is considered that there is no problem even if D/L
changes in the range of 0.5 to 0.7. In addition, when the D/L
value was changed in this study the tumor was always at the
center of the ROI. However, since information about the
posterior echo is relatively important during diagnosis, even
for information around the tumor, we would like to consider in
future the case where the tumor is not at the center of the ROI.
Diagnostic accuracy in case units is higher than that in

image units. Difficult cases tend to contain more images.
Therefore, we think that the number of incorrect answers has
been reduced when calculating accuracy in case units.
Another reason is that the correct and incorrect images are
included in one case, but the average probability in the case is
correct, so that the accuracy in case units is improved.
Next, regarding the effect of D/L on diagnostic accuracy for

each tumor type, the number of cases was small and no clear
trend was observed in hepatic hemangioma, HCC and meta-
static liver cancer. However, the accuracy for liver cysts
tended to increase as D/L decreased, which was different
from the overall trend. We think this is because the smaller D/
L makes it easier to judge the enhancement of the posterior
echo, which is one of the characteristics of liver cysts. In
addition, because there is no echo signal inside a liver cyst,
information is not lost even if the image size is reduced.
We also think that the reason for the trade-off relationship

between the accuracy of diagnosis of hepatic hemangioma and
HCC is that some images of these have relatively similar
characteristics (Figs. 7, 8). Therefore, if the trained network
tends to be judged as hepatic hemangioma, the accuracy of
hepatic hemangioma will improve, but the accuracy of HCC
will decrease, and vice versa. We think this is the cause of the
trade-off between the accuracy of hepatic hemangioma and
HCC. However, this relationship will be reduced if the amount
data increases and the accuracy of each tumor type improves.
We think that the reason why the accuracy of diagnosing

metastatic liver cancer is very low compared with that for other
tumor types is that the number of data on metastatic liver
cancer remain very small compared with those for other tumor
types. In addition, images of metastatic liver cancer are similar
to images of hepatic hemangioma and HCC (Figs. 7, 8).
Therefore, in CNN, similar images are likely to be estimated as
a tumor type having a large number of data. Therefore, in order
to improve the accuracy of metastatic liver cancer, the number
of data for metastatic liver cancer need to be about the same as
the number of data for hepatic hemangiomas and HCC.
Finally, the similarities between the set of correct cases with

the highest accuracy at D/L= 0.6 and those at other D/L ratios
tends to decrease as D/L moves away from 0.6. As the Dice
coefficient was relatively high at anyD/L value, it was confirmed
that correctly diagnosed cases were relatively stable regardless of
their D/L value. However, the correct cases were slightly

different when D/L was 0.2 and 1.0. Therefore, the accuracy
could be improved by using multi-scale images in CAD.
Furthermore, in this example, if the union of correct cases set
at D/L ratios of 0.2, 0.6 and 1.0 can be estimated correctly then
accuracy will be improved by about 6% compared with the
accuracy of a D/L ratio of 0.6 alone. As CNN using multi-scale
images, there are methods of using multiple CNNs with images
at different scales, and using multi-scale images as inputs of a
CNN. In the future, we would like to study CNN using multi-
scale images.

4. Conclusions

In this paper we investigated the conditions for cropping the
ROI in CNNs for liver tumor ultrasound images. As a result, in
the CNNs for ultrasound images it was confirmed that
diagnostic accuracy was improved by including not only the
tumor region but also the surrounding region in the ROI. A ROI
that includes only the tumor area does not include information
about the posterior echo and lateral shadow, which are useful
pieces of information for diagnosis using ultrasound images,
will ultimately decrease accuracy. On the other hand, if the
tumor area in the ROI is too small, the information that is useful
for diagnosis will be deduced or lost, leading to a decrease in
accuracy. In this study, we used the ratio of the maximum tumor
diameter to the ROI size as an index for ROI cropping and
showed that the accuracy is greatest when this ratio, D/L, is
around 0.6. However, the effect of D/L was relatively small, and
the number of correctly diagnosed cases was almost unchanged.
In CAD, diagnostic accuracy should be as high as possible.
Therefore, optimizing the ROI cropping conditions is important
for CAD using ultrasonic images. Furthermore, for liver cysts,
the optimal ROI cropping condition was different from the
overall optimal condition. Therefore, we suggest that optimal
ROI cropping conditions differ for each tumor type. In actual
CAD we use the overall optimal ROI cropping condition
because the tumor type is not known in advance.
Here, we applied the overall optimal ROI cropping

conditions from a practical viewpoint. On the other hand,
we think it is also important to know the optimal ROI
cropping conditions for each tumor type. Moreover, it was
suggested that there is a possibility of improving accuracy by
using multi-scale images.
In the future we plan to utilize more data for further

evaluation and study CNNs using multi-scale images and
optimal ROI cropping conditions for each tumor type. In
addition, this study was limited to cases where the tumor is at
the center of the ROI, but studies of when the tumor is not at
the center of the ROI could be done in the future. We also
want to investigate the effects of ROI cropping on CNNs for
breast tumors and other tumors.
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