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A New Hyper Parameter of Hounsfield Unit 
Range in Liver Segmentation

☆
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ABSTRACT

Liver cancer is the most fatal cancer that occurs worldwide. In order to diagnose liver cancer, the patient's physical condition was 

checked by using a CT technique using radiation. Segmentation was needed to diagnose the liver on the patient's abdominal CT scan, 

which the radiologists had to do manually, which caused tremendous time and human mistakes. In order to automate, researchers 

attempted segmentation using image segmentation algorithms in computer vision field, but it was still time-consuming because of the 

interactive based and the setting value. To reduce time and to get more accurate segmentation, researchers have begun to attempt 

to segment the liver in CT images using CNNs, which show significant performance in various computer vision fields. The pixel value, 

or numerical value, of the CT image is called the Hounsfield Unit (HU) value, which is a relative representation of the transmittance 

of radiation, and usually ranges from about -2000 to 2000. In general, deep learning researchers reduce or limit this range and use 

it for training to remove noise and focus on the target organ. Here, we observed that the range of HU values was limited in many 

studies but different in various liver segmentation studies, and assumed that performance could vary depending on the HU range. In 

this paper, we propose the possibility of considering HU value range as a hyper parameter. U-Net and ResUNet were used to compare 

and experiment with different HU range limit preprocessing of CHAOS dataset under limited conditions. As a result, it was confirmed 

that the results are different depending on the HU range. This proves that the range limiting the HU value itself can be a hyper 

parameter, which means that there are HU ranges that can provide optimal performance for various models.

☞ keyword : U-Net, Liver Segmentation, Hounsfield Unit (HU) , ResUNet

1. Introduction

Liver cancer is one of the most common cancers in the 

world and one of the most fatal diseases. The location and 

size of the liver in the patient's body is important for 

diagnose or surgery. It is very helpful for doctors to know 

the location of the liver during surgery, and knowing the size 

of the liver can make an appropriate judgment in the 

situation of cutting and treating the liver. For these reasons, 

segmentation to determine the location and size of organs 

such as liver and liver cancer was an issue in the medical 

field.
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In general, a commonly used technique for identifying a 

patient's organ is a CT (Computed Tomography) image using 

radiation and MRI (Magnetic Resonance Imaging) image 

using magnetic resonance. In this paper, we focus on 

CT-based images. When CT scans of a patient's body, the 

patient's abdomen can be obtained with a uniform volume of 

tomography. Initially, radiologists manually bounded the 

location of the liver for each slice of the CT images. 

However, this manual method of marking boundaries is very 

time-consuming per slice, and humans are very likely to 

make mistakes. Accordingly, methods for segmenting organs 

in images accurately and automatically using computers have 

been studied in the field of medical imaging.

Segmentation of the liver in CT image is considered to be 

a difficult problem for several reasons in the medical 

imaging field. First, the size and position of the liver is very 

different for each patient. Some patients have small liver 

sizes, while some patients have abnormal livers that half the 

size of their abdomen. The second is due to the 

characteristics of the CT image. General images we are 

familiar with are 3 channel images of RGB with values of 
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0 ~ 255 for each channel. However, the CT image is a one 

channel grayscale image and is very different from a normal 

RGB image because its value ranges between -2000 and 

2000. In addition, the range may vary from hospital to 

hospital. Third, the contrast between organs in the abdominal 

CT image is very low. The low contrast makes it very 

difficult to distinguish organs from each other. Fourth, close 

organs. The organs in CT images are so closely attached that 

they are difficult to distinguish. Especially, since the heart is 

located very closely to the liver, it is often difficult to clearly 

distinguish the border between the heart and the liver. In 

Figure 1, There is low contrast between organs and heart 

which located at right side is closely attached at liver on left 

side.

(Figure 1) CT(Computed Tomography) image of 

patient’s abdomen. Bones are white 

color and liver is located at left side with 

gray color.

Previous studies  segmented liver by using information 

such as threshold, color, and edge on CT images. This saved 

a lot of effort and time in direct division. However, they had 

a problem that setting the constant values of the algorithms 

manually, and they had to be set differently each time the 

image was different. In addition, the segmentation 

performance of the algorithm did not meet as expected, and 

some algorithm was interactive methods that need humans, 

so it was not fully automated and still hand crafted. 

In recent years, Convolutional Neural Network(CNN) 

which is deep learning has solved many problems or 

improved performance in the field of computer vision. This 

has shown the possibility of solving problems by applying 

deep learning to many fields such as image classification[1], 

(Figure 2) (Left) CT image target (Right) liver mask.

object detection[2] and image segmentation[3]. In this trend, 

the study of segmenting the liver began to apply deep 

learning.

Representative medical image segmentation networks are  

FCN[4] and U-Net[5], and many researchers have conducted 

research based on U-Net when segmenting the liver. Here, 

many researchers preprocess the CT image data set by many 

ways before training it in the network, but among them, 

limiting range of the HU (Hounsfield Unit)[6] value is often 

performed. Hounsfield unit is a numerical value of CT, 

which is a relative expression of the degree of absorption by 

density at each site as the radiation passes through the body. 

For example, 0 for water, 1000 for bone, and -1000 for air. 

There are specific numerical ranges of organs in the 

abdomen, and other organs also have their own ranges. By 

limiting the HU range, the organs in the range become more 

visible, which is a common method for analyzing and 

visualizing CT images. It is used for even when training 

deep learning networks, researchers limit the data set's HU 

range and then use it for training. Here we observe that most 

studies limits the HU ranges by subjective judgment, therefor 

each studies HU ranges varies a lot. In this paper, we 

propose the possibility to consider the range of HU values 

as a hyper parameter. We assume that the range of HU 

values also has a specific range that can be optimized for 

deep learning models. Therefore, we limited the range of HU 

values used in various studies that tried to segment liver, and 

then compared  trained network under the limited conditions. 

This method can improve the performance of deep learning 

networks by finding a good range with preprocessing 

considering dataset in medical imaging. As a result of 

performing experiments according to the HU range using 

U-Net and ResUNet[7], it was confirmed that the learning 
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process and the results were different for each range. The 

best range for U-Net was [-150,250] and the best range for 

ResUNet was [-130,220]. This is evidence of the effect of 

the range of HU values in the CT image on the model, and 

the difference in the best range in each model means that the 

optimal range of HU values in each model is different. 

Limiting HU value range should also be considered as an 

optimization problem and is a universal method because it 

can be applied to other organs.  

2. Related Works

2.1 Previous Studies

Liver cancer is a fatal and dangerous cancer worldwide. 

Knowing the size and location of the patient's liver is a great 

help when the doctor makes a diagnosis or operates on the 

patient. Traditionally, radiologists have manually segmented 

the borders of patients' livers in abdomen CT images. 

However, it took so much time that researchers began to 

apply computer vision segmentation algorithms for 

automation. In [8], the level-set algorithm is applied, and in 

[9], the Graph cut algorithm is applied. In [10], they 

approached using threshold. However, these attempts still 

required many interactions with people, so they were not 

fully automated and did not perform as expected in accuracy.

2.2 Deep Learning based Method

In recent years, deep learning has solved many 

image-related problems, and efforts have been made to solve 

problems with deep learning in the medical imaging field. 

The most representative network in medical imaging is 

U-Net[5]. U-Net is able to maintain high resolution features 

through long skip connections, resulting in good results for 

many medical image data. Previously, U-Net was a 2D 

U-Net learning with Slice-by-Slice.    However, CT images 

of the patient's abdomen were sequentially related to each 

other, which 2D U-Net could not take into account. 

Considering that radiologists divide the CT image by 

referring to the before image and after image, 3D U-Net 

[11]or V-Net[12], which can be learned in volumetric form, 

appeared. 3D U-Net has the advantage of being able to learn 

sequentially by volumetric learning, but it has the 

disadvantage that the computation cost and memory usage 

are very high. In RA-UNet[13], 3D U-Net was composed by 

using residual block and attention module to solve the 

deepening of network due to computation cost. In 

H-DenseUNet[14], 2D and 3D information can be used 

together by proposing framework. In addition, they proposed 

a DenseUNet which replaced the convolution  part of U-Net 

with dense block.

We observed that there were studies of various methods 

based on U-Net, but the methods of preprocessing the HU 

ranges were very different. We observed that there were 

studies of various methods based on U-Net, but the methods 

of preprocessing the HU ranges were very different. [15] 

ranged HU value as [-128,128], [16] ranged [-200,200], [17] 

ranged [-100,400], [18] ranged [-150,250], [19] ranged 

[-200,250]. We assume that there is a difference in 

performance depending on the range of HU values, and the 

comparison suggests the possibility of one hyper parameter 

to consider HU range as an optimization. In addition, through 

this, we propose a method for improving the performance of 

a general deep learning network in the medical imaging field.

The experiment was conducted by varying the range of 

HU values while fixing all the hyper parameters of U-Net, 

and the same experiment was conducted on ResUNet to 

prove the difference in performance according to the change 

of the range of HU values in other models. This means that 

there is a range of different HU values for each model.

3. Method

In this paper, we propose the possibility of optimizing the 

range of HU values by comparing the network performance 

according to the preprocessing of various HU values range. 

The baseline network is U-Net and the training was 

conducted under same conditions.

Section 3.1 describes the dataset used for training and 

testing, and Section 3.2 describes the Hounsfield Unit (HU). 

Section 3.3 describes how to preprocess the HU value range, 

and Section 3.4 describes the deep learning networks used 

for comparison. Section 3.5 describes the loss function used 

for training.
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3.1 Dataset

Datasets related to liver segmentation include SLiver07, 

3DIRCADB, CHAOS (Combined Healthy Abdominal Organ 

Segmentation) Challenge, and LiTS (Liver and Tumor 

Segmentation) Challenge. In this study, we experimented 

with data set provided by CHAOS Challenge. The CHAOS 

data set provides CT and MRI data sets, but the CT data set 

is used in this study. The CT data set consists of abdominal 

DICOM format data from 40 patients with 512 x 512 

resolution, with an average of 90 CT images per patient. We 

set the dataset ratio to training data to 7, verification data to 

2, and testing data to 1.

3.2 Hounsfield Unit (HU)

The CT value indicates the relative degree of attenuation 

of the substance when the X-ray is taken by CT scan. It is 

known that the bone is 1000, the water is 0, the air is -1000, 

and the liver is between 40 and 60. The CT values here are 

called Hounsfield figures, after Godfrey N. Hounsfield, who 

invented the CT. The liver of a particular patient may have 

different values depending on the CT scanner. HU value of 

liver of each CT Scanner may have a value of 100 or more 

and may be less than 100. CT images range from -2000 to 

2000 and are 1 channel grayscale images. There are about 

4000 gray levels in CT images. It is known that humans 

cannot recognize 1 level units and can recognize color 

differences of about 20 levels. Doctors and radiologists often 

limit their scope to targets. In this regard, various deep 

learning researchers who study medical images often limit 

the range of HU values, but very subjective. In this study, 

this HU value was considered as one optimization variable 

and the comparison and analysis were performed by taking 

the HU range of other studies.

3.3 Preprocessing

In this paper, we compared the range of HU values that 

were limited in various studies. There were six ranges of HU 

values preprocessed in various studies : [-130,220], 

[-128,128], [-200,200], [-100,400], [-150,250], [-200,250]. All 

training set including the validation set and the test set were 

all limited in the same range of HU values. We also 

observed empirically reducing the size of the image to 

produce similar results whether compared or at the original 

resolution. Therefore, to speed up the training, we reduced 

the size of the image from 512 to 256. In addition, the 

verification data including the training data was shuffled for 

smooth training. There was no such normalization applied. In 

Figure 3, the images are CT images of each range mapped 

to grayscale images of 0 to 255. As the HU ranges are 

similar, images may be similar and difficult to distinguish. 

But when preprocessing, it only contains values within that 

range.

(Figure  3) Six CT images according to the range 

of HU values. The order in which 

images are placed is from the top right 

to the bottom right. [-130,220], 

[-100,400], [-128,128], [-150,250], 

[-200,200], [-200,250].

3.4 Neural Network

The segmentation network to compare the range of HU 

values is U-Net[5], which is the most representative in the 

field of medical imaging. U-Net is in the form of encoder 

and decoder and plays a role of keeping the resolutions 

falling as the layer deepens through a long skip connection. 

This network train by end-to-end way. Figure 4 show simple 

architecture of U-Net. When the 256 x 256 image enters the 

input, the encoder section performs down sampling after the 

convolution filter. And in the decoder part, it goes back to 

the original resolution through the convolution filter and up 

sampling. The feature map of the encoder part, which is the 

same resolution of the decoder part, makes the feature 

stronger by using long skip connection. In order to prove the 
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hypothesis of this study, a comparison was also performed at 

ResUNet[7] which uses residual module in U-Net structure. 

Feature extraction used in ResNet applies Resnet-18 and 

uses pre-trained weights for ImageNet. The remaining parts 

are identical to those in [7].

(Figure  4) Simple representation of U-Net architecture. 

Input size is 256. Blue arrows indicate 

convolution operations, and blue squares 

indicate feature maps. The orange arrow 

is the long skip connection and the 

orange square is the feature map of the 

encoder section which is added to the 

decoder section.

3.5 Loss Function

The most commonly used loss in medical image 

segmentation is dice coefficient loss [20]. Dice coefficient 

loss represents the degree of overlap of two images in binary 

image. However, dice coefficient loss is sometimes not so 

accurate. For example, if you make a prediction against an 

empty background, dice coefficient loss is very strange. In 

order to prevent this, some studies have used Jaccard loss 

[21], BCE [22] or jointed together with dice loss. In this 

study, the binary cross entropy was jointly defined as a loss 

function to compensate for the dice coefficient loss. Binary 

cross entropy is the average of both the ground truth image 

and the cross entropy of each pixel in the predicted image. 

The final loss is composed by adding 50% of the binary 

cross entropy loss and 50% of the dice coefficient loss, 

which enables more stable training.

4. Experimental Results

We preprocessed CHAOS datasets with different HU 

range values in U-Net and ResUNet, and then trained and 

evaluated them for comparison and experiment. Section 4.1 

introduces the optimization algorithms, including the hyper 

parameters of each network. Section 4.2 shows the 

comparison results from each network experiment.

4.1 Implementation

U-Net and ResUNet differ only in structure but all other 

hyper parameters are identical. The epoch is 50 and the 

optimizer uses Adam[23] optimizer. The learning rate was 

1.0001. We performed all experiments on a single GTX 

1080Ti, and the Pytorch deep Learning framework was used.

4.2 Comparison of HU value

In this paper, we compared the range of HU values in 

U-Net[5] and ResUNet[7]. 

(Figure  5) Dice and BCE joint loss per epoch at U-Net. 

The range of HU value is indicated for 

each color. The speed and the degree of 

convergence differ depending on the 

range.

Figure 5 shows the convergence results per epoch 

according to the range of each HU value. From Figure 5 we 

can see that the convergence can vary slightly depending on 

the HU value. This shows that the results may differ 

depending on the preprocessing method that limits the range 

of HU values, which means that the HU values we 

mentioned above can be thought of as hyper parameters. 

Evaluation of the model was measured as the average of the 

dice coefficient score[20] in the test set. Similar to dice 
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Data\Model [-130,220] [-128,128] [-200,200] [-100,400] [-150,250] [-200,250]

[-130,220] 0.07765 0.06599 0.09768 0.0638 0.06718 0.07433

[-128,128] 0.10746 0.07538 0.11958 0.11257 0.12519 0.11653

[-200,200] 0.07406 0.05944 0.06944 0.07442 0.06853 0.06598

[-100,400] 0.08812 0.07535 0.153 0.06231 0.05686 0.08423

[-150,250] 0.07329 0.06658 0.09168 0.05736 0.05585 0.06949

[-200,250] 0.06743 0.06267 0.07445 0.06501 0.05446 0.06292

(Table  2) Accuracy of data preprocessed in different ranges to models trained for each HU range in U-Net. 

The horizontal title in the table refers to the model trained in each range, and the vertical title 

is the test data for each range to be tested in the model. Unlike the other tables, the subtraction 

of 100 is done as a loss function to reveal subtle differences in accuracy. In other words, the 

lower the value, the more accurate.

coefficient loss in section 3.4, dice coefficient loss is a 

negative score of the Dice Score. The dice coefficient score 

accuracy according to the limited range of HU value in 

U-Net can be seen in Table 1. 

As shown in Table 1, HU [-150,250] showed the best 

performance with 99.4415%, and the worst range was HU 

[-130,220]. The difference between the highest and lowest 

accuracy was about 0.02%. This means that results can vary 

and can improve performance. Here we tested different 

preprocessed ranges in the model for each HU range.

HU Range Accuracy

[-130,220] 99.9223

[-128,128] 99.9246

[-200,200] 99.9305

[-100,400] 99.9376

[-150,250] 99.9441

[-200,250] 99.9370

(Table 1) Test set accuracy according to HU range 

at U-Net

As a result, as shown in Table 2, all the accuracy was 

different for each model and data. It is interesting to note 

that the highest accuracy range for training was [-150,250], 

which was the most accurate for data preprocessed to 

[-200,250] when testing. It can also be seen that different 

parts have different results. This means that performance may 

improve even if the preprocessing is different between 

training and testing.

(Figure  6) Dice and BCE joint loss per epoch at 

ResUNet. ResUNet tends to train more 

stable than U-Net.

Figure 6 shows the range of Dice Loss per epoch when 

training with each range in ResUNet, and Table 3 shows the 

accuracy of each range as in the U-Net experiment. In the 

case of ResUNet, the results are more appear clearly. As can 

be seen from the table, like U-Net, ResUNet showed 

different accuracy when tested, and the best accuracy was in 

the range of [-130,220], showing 99.88821%. 

This can be seen as evidence of our hypothesis in U-Net 

as well as in other models. Also, the different ranges in U-Net 

and ResUNet suggest that we have different ranges for better 

performance for each network. As can be seen from Table 3, 

ResUNet shows that best is about 0.08% more than worst.

As in Table 2, Table 4 shows the accuracy results of 

preprocessing the models trained in ResUNet in different HU 

ranges. We can see that all the preprocessed dataset show 

different accuracy at each model. What is unique here is that, 

unlike U-Net, ResUNet tends to produce better results for 

test data that has been subjected to the same preprocessing.
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Data\Model [-130,220] [-128,128] [-200,200] [-100,400] [-150,250] [-200,250]

[-130,220] 0.11179 0.17886 0.15194 0.20776 0.19186 0.26431

[-128,128] 0.15588 0.12618 0.20627 0.27192 0.25033 0.32492

[-200,200] 0.1907 0.31512 0.12309 0.27764 0.20413 0.20056

[-100,400] 0.16934 0.28233 0.2193 0.20441 0.2021 0.24781

[-150,250] 0.13471 0.22127 0.15628 0.24219 0.19765 0.25324

[-200,250] 0.21205 0.34814 0.13766 0.29469 0.23682 0.19697

(Table  4) Accuracy of data preprocessed in different ranges to models trained for each HU range in ResUNet. 

The horizontal and vertical axes are same as Table 2.

HU Range Accuracy

[-130,220] 99.8882

[-128,128] 99.8738

[-200,200] 99.8769

[-100,400] 99.7955

[-150,250] 99.8023

[-200,250] 99.8030

(Table 3) Test set accuracy according to HU range 

at ResUNet

5. Conclusion

In this study, a comparison of the methods of limiting the 

HU range for segmenting the liver in the abdominal CT 

images of patients was performed. CHAOS Challenge dataset 

were used, and U-Net and ResUNet were used for the 

comparison model. The preprocessing method for limiting 

the range of HU values was different in various studies, so 

we assumed that the optimal range of HU exists and can be 

considered as a hyper parameter. As a result of the 

experiment, Dice accuracy was different for each HU range 

in U-Net, and the best range was [-150,250]. This shows that 

our assumptions are not wrong. In addition, the performance 

of ResUNet was different for each range, and the [-130,220] 

range showed the best accuracy. The different ranges that 

achieve the best performance of U-Net and ResUNet suggest 

that the optimal preprocessing method according to the 

network is not always the same. The comparison results in 

this study proved that the optimal HU value limitation range 

in CT images may differ from model to model and that one 

hyper parameter should be fully considered.

The difference in the results from the experiment can be 

thought of as a small number. But note that Currently 

compared ranges have a lot of similar ranges and only 6 

ranges, so there are few comparisons. In fact, the range that 

can limit the HU value is enormous. We can't compare all 

of these ranges, so we compared only six ranges, but the 

difference shows that our assumptions are correct and gives 

clues that can help us find optimal values in the future.

It is not easy to always optimize the preprocessing in the 

field of medical imaging where the modality is much more 

various than general images. In particular, the HU range 

values are difficult to find optimal. In future studies, 

AutoML[24] will be applied to automatically find the optimal 

preprocessing method for CT imaging in the medical imaging 

field.
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