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Abstract
Automatic liver tumor segmentation is an essential part of computer-aided diagnosis 
systems. Despite the significant progress made by fully convolutional neural networks 
(FCNs) in recent years, existing methods fail to effectively segment multiscale 
tumors and accurately delineate tumor boundaries. This indicates that the single-
connection network structure overly relies on the high-level semantic information of 
the image but fails to fully utilize the spatial information of the target across different 
levels. To solve these problems, we introduce a novel end-to-end segmentation 
network, named intra- and inter-block densely connected FCN (I2-DenseFCN). This 
network comprising intra-block and inter-block dense connections in the encoder 
and decoder, respectively, is developed to effectively handle the segmentation of 
multiscale tumors. We also designed a hybrid loss function to achieve more accurate 
tumor boundary delineation by adaptively adjusting the optimization of the cross-
entropy and Lovász Softmax loss. In addition, we are the first to propose an intensity-
adaptive image pre-processing method that effectively mitigates the differences 
between real-world medical scenarios and model inference for liver tumor 
segmentation tasks. Our training data, derived from the Liver Tumor Segmentation 
Challenge (LiTS) public dataset, have been expanded to 25,755 samples of liver and 
their tumors through data augmentation techniques. Experimental evaluations on 
the LiTS and 3DIRCADb databases demonstrated the superiority of the proposed 
I2-DenseFCN over classical methods. We believe this research will contribute to the 
field of tumor segmentation using AI-based medical image processing methods, 
which is a promising application in computer-aided diagnosis systems.

Keywords: Liver tumor segmentation; Deep learning; Multiscale tumors; Computed 
tomography imaging; Artificial intelligence; AI diagnostics

1. Introduction
According to Global Cancer Statistics 2018, liver cancer is the sixth most prevalent 
cancer and the fourth leading cause of cancer-related deaths.1 Accurate liver tumor 
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segmentation from computed tomography (CT) scans is 
vital for examining, diagnosing, and treating liver cancer. 
However, the manual delineation of liver lesions is generally 
prone to high inter-rater variability as it depends on the 
experience and knowledge of radiologists and oncologists.2,3 
In addition, the slice-by-slice annotation pipeline from CT 
volumes is time-consuming and tedious.4-6 Therefore, the 
development of an automated segmentation system for 
liver tumors is essential for clinical practice.

However, constructing such a system presents 
significant challenges for two main reasons. First, the 
shape, size, location, and number of liver lesions exhibit 
substantial inter-patient variability.7 Second, variations in 
CT imaging equipment, acquisition protocols, contrast 
agents, and scanner resolutions result in unpredictable 
intensity differences between normal liver tissues and 
tumors,8,9 leading to blurry boundaries, noise, and other 
artifacts in CT images.

To address this important yet challenging problem, 
significant efforts have been made and they can be broadly 
classified into two categories: hand-crafted feature-based 
methods and deep learning-based methods. The former 
primarily employs conventional segmentation technologies 
such as intensity thresholding, level set, and region-growing 
methods. As a simple yet effective algorithm, thresholding10 
intends to classify the foreground and background through 
a threshold value. To optimize the threshold selection, 
many promising technologies have been proposed, 
such as histogram analysis11 and between-class variance 
maximization.12 The level set methods are another set of 
classical segmentation algorithms. For example, Smeets 
et al.13 presented a semi-automatic method to adjust the 
initial segmentation using a speed function derived from a 
pixel classification algorithm, and Hoogi et al.14 proposed 
a novel method to improve level set segmentation through 
adaptive re-estimation of the local window. Similarly, the 
region-growing algorithm has attracted attention in the 
area of liver lesion segmentation, as exemplified by a 3D 
seeded region-growing algorithm15 that modeled liver 
tumors using a bag of Gaussians. In addition, numerous 
machine learning methods leveraging hand-crafted 
features have been developed to segment liver tumors. 
However, given the superiority of a fully convolutional 
network (FCN) in medical image segmentation compared 
to hand-crafted features, this study focuses on deep-
learning-based methods.

The framework of cascaded FCNs integrates two FCNs 
for a combined segmentation of the liver and its associated 
tumors; the first FCN identifies the liver region from CT 
images, whereas the second one segments tumors within 
the identified region. Benefiting from the effectiveness 

of this framework, cascaded FCNs have become a 
common choice in FCN-based work for liver tumor 
segmentation in recent years. One well-known method is 
the Cascaded UNets.16 It combines two UNets to perform 
segmentation, building on the empirical success of UNet17 
in medical image segmentation.18 To address the limited 
representation power of UNet for this task, cascaded 
ResNets19 employ two deep residual networks20 to extract 
more discriminative features. However, the quality of the 
liver segmentation obtained in the first stage may affect the 
subsequent segmentation of tumors in the second stage,21 
potentially leading to performance degradation.

To mitigate this drawback, a three-stage cascaded 
hierarchical convolutional-deconvolutional neural 
network (HCDNN)21 introduces an additional stage to 
refine liver region segmentation. It is worth mentioning 
that the aforementioned cascaded FCNs-based methods 
are typically optimized by training FCNs sequentially. 
To further simplify the training phase, Vorontsov et al.22 
attempted to train the cascaded FCNs-based network in an 
end-to-end manner.

Other methods solve this problem from the perspective 
of data dimensions. For instance, Hu et al.23 generated 
synthetic tumors in CT scans to reduce the annotating 
computation and enrich small tumor representation. 
Liu et   al.24 proposed a multimodal masked autoencoder 
for brain tumor segmentation to alleviate the missing 
modalities in magnetic resonance imaging (MRI) data, 
where both random modalities and patches of the remaining 
modalities are masked for a reconstruction task. Moreover, 
the strong performance of large-scale pre-trained models 
in downstream tasks has spurred efforts to apply such 
models in tackling medical segmentation problems. Liu 
et al.25 proposed a universal model incorporating text 
embeddings learned from the contrastive language-image 
pre-training model by Radford et al.,26 thus enhancing the 
domain adaptability across diverse tumor types.

Despite promising results obtained by the 
aforementioned methods, their performance could likely 
be further boosted by addressing challenges related to 
multiscale tumor segmentation and boundary refinement. 
Cascaded ResNets19 has provided a feasible strategy to 
efficiently segment multiscale tumors. Specifically, the input 
image is resized to various scales and the corresponding 
multiscale outputs are averaged to produce the final 
segmentation map during the testing phase. However, this 
straightforward approach incurs high computational cost 
and memory consumption.

To account for multiscale tumors and further refine 
tumor boundaries while circumventing those drawbacks, 
we present an automatic end-to-end framework for liver 
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tumor segmentation in CT images, named intra-  and 
inter-block densely connected FCN (I2-DenseFCN). This 
framework incorporates an adaptive learning threshold 
processing method to enhance the distinguishability of 
tumors from surrounding tissues, thereby improving the 
generalization of segmentation capabilities on potential 
samples compared to previous methods. To reduce the 
computational cost associated with the multiscale tumor 
segmentation feature, we establish connections between 
feature maps of different levels and propose a decoder 
network with inter-block dense connections. Furthermore, 
we designed a dynamic weighting mechanism to address 
loss functions at different stages of model training. In 
summary, the threefold contribution of this work is as 
follows:
(i)	 We first propose a CT image pre-processing module that 

is integrated and jointly trained with the segmentation 
network, allowing optimal pre-processing settings 
through backpropagation, rather than separate pre-
processing with an empirically preset CT window. 
Our experimental result demonstrates the positive 
efficacy of this module on segmentation performance

(ii)	 A decoder module with inter-block dense connections 
is built to effectively cope with the challenges posed 
by multiscale tumors, resulting in further improved 
performance

(iii)	We attempt to refine the segmentation of tumor 
boundaries in a coarse-to-fine manner. Specifically, 
a hybrid loss function combining the cross-entropy 
and the Lovász-Softmax loss27 with dynamic weights 
is developed to optimize our model. Experimental 
results indicate that this strategy enhances the 
precision of tumor boundary segmentation.

2. Methods
In this section, we first introduce the CT image pre-
processing module and then describe the segmentation 
network in detail. The hybrid loss function design is 
presented in the end. The pipeline of the proposed liver 
tumor segmentation method is shown in Figure 1.

2.1. CT image pre-processing module

Image pre-processing is the preliminary step for most 
computer vision tasks and is responsible for the final 
performance to some extent, especially for medical image 
processing tasks.28 The raw CT images are generally 
represented in the Hounsfield unit (HU), which is a 
quantitative scale for describing radiodensity. This results 
in a wide range of intensity values from −1000 HU to +2000 
HU in a typical CT image. However, in clinical practice, 
only a narrow range is leveraged by radiologists for specific 
tissue types and pathologies. The radiologists adjust a 

predefined CT window so as to increase the visualization of 
certain pathological features relevant to their task. For liver 
tumor segmentation, most previous works convert raw CT 
images into grayscale images using a preset window setting 
or directly utilize the full range of CT image intensity 
values without windowing input. Christ et al.16 carried out 
pre-processing with a CT window ranging [−100, 400] 
HU to exclude irrelevant organs and objects, followed by a 
histogram equalization operation. Li et al.29 truncated the 
image intensity values of all CT volumes to the range of 
[−200, 250] HU to remove the irrelevant details. Han30 set 
the HU value range to [−200, 200], whereas Bi et al.19 used 
[−160, 240] HU range. These CT image pre-processing 
settings are subjective and empirical and they vary from 
researcher to researcher. It is an open question whether 
the preset window range is optimal for specific datasets, 
models, and for the eventual segmentation performance.

Despite the importance of optimal window settings in 
clinical practice, their impact on the model performance 
has been largely overlooked in the liver tumor segmentation 
task. Inspired by the work of Lee et al.,31 we propose a 
CT image pre-processing module that is jointly trained 
with the segmentation network to find optimal window 
settings by learning instead of predefining the value. 
A fully end-to-end segmentation framework is generated 
simultaneously. The pre-processing module is composed 
of a 1 × 1 convolutional layer and an activation layer with 
the sigmoid function. The module structure is shown in 
Figure 2.

The proposed module could be formulated as follows:

F x U
e Wx b� � �
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x is the raw intensity value in CT images. The constant U 
is the upper bound of the pre-processing function. W and 
b are the weight and bias of the 1 × 1 convolutional layer, 
respectively, and they are calculated using the equations of 
(II) and (III), respectively – the same way as in the work of 
Lee et al.31.
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Wwidth and Wlevel refer to the CT window width and 
window level respectively. ε represents the margin between 
the upper and lower bounds and between the window end 
and start gray levels, and it determines the slope of the 
sigmoid function at the center.
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2.2. I2-DenseFCN segmentation network

The proposed I2-DenseFCN segmentation network is 
built on the classical encoder-decoder architecture as 
illustrated in Figure  3. The encoder is derived from the 
DenseNet classification network.32 The decoder introduces 
dense connections among upsampling blocks of different 
levels. The UNet-like long skip connections are established 
between the encoder and decoder.

2.2.1. Encoder

The representation ability of features largely affects the 
performance of semantic image segmentation.33 As deeper 
networks generally provide stronger feature representation 
capabilities,32 the network structures for feature extraction 
continue to deepen. However, deep neural networks are more 
difficult to train if their depth is attained by simply stacking 
the layers. Mitigating this issue, ResNets20 introduces the 
residual connections to facilitate the training of very deep 

neural networks. Recently, a novel connectivity pattern, 
called dense connections, has been designed in DenseNets32 
to further improve the information flow between layers, 
yielding state-of-the-art classification results across several 
datasets. Considering the superior feature extraction ability 
of DenseNets, we employ the DenseNet-161 classification 
network32 as the encoder, excluding the global average 
pooling, fully connected, and softmax layer. There are four 
dense blocks in the DenseNet-161 network and the dense 
connections in each block are referred to as intra-block dense 
connections. In this design, direct connections are introduced 
from every layer within a dense block to all subsequent 
layers. Each layer, therefore, receives the concatenated 
feature maps of all preceding layers and produces k feature 
maps through a composite function comprising three 
consecutive operations: Batch normalization, a rectified 
linear unit, and a 3 × 3 convolution. k is referred to as the 
growth rate, indicating the amount by which each module’s 
output increases relative to its input. The transition down 
blocks, consisting of a 1×1 convolution followed by a 2 × 2 
pooling operation, are introduced between dense blocks to 
reduce the spatial dimensionality of feature maps.

2.2.2. Decoder

Considering the existence of multiscale tumors – one of 
the primary challenges in the liver tumor segmentation 

Figure 1. Overview of our proposed liver tumor segmentation pipeline. The model takes three consecutive slices as input to predict the middle one. In the 
training phase, training samples with dimensions of 224 × 224 × 3 are cropped randomly from raw CT volumes for data augmentation, and then fed into 
the model. In the testing phase, the trained model processes a 3D CT volume by taking three adjacent slices in their original size as input and sliding along 
the z-axis of the CT volume at a step size of 1. The segmentation of the entire 3D volume is completed in this way. Figure created by the authors. 
Abbreviations: CT: computed tomography; FCN: fully convolutional network; n: total number of images captured in a CT scan.

Figure 2. The CT image pre-processing module
Abbreviations: CT: computed tomography; Conv: convolutional layer.
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task – we introduce dense connections between 
upsampling blocks in the decoder, following the approach 
of Bilinski and Prisacariu.34 These inter-block dense 
connections allow the current upsampling block to use 
semantic feature maps from all preceding upsampling 
blocks at different scales, thereby transforming the high-
level semantic information into a spatial resolution that 
matches the original input image. Since the features 
are fused by element-wise summation operation, they 
should have the same spatial resolution and number of 
channels. In view of this, 3 × 3 convolutions are applied 
to the inter-block dense connection paths to adjust the 
number of channels, followed by bilinear interpolations 
to upscale the spatial resolution. Intra-block and inter-
block dense connections allow for efficient information 
propagation among layers and blocks. Furthermore, 
U-Net-like long skip connections are added between the 
encoder and decoder to combine high-level semantic 
features and low-level detail information. The detailed 
architecture between two upsampling blocks is shown in 
Figure 4.

2.3. Hybrid loss function with dynamic weights

Deep learning-based segmentation frameworks rely not 
only on the design of network architecture but also on 
the choice of loss function. Liver tumor segmentation is 
essentially a pixel-level classification task, so the cross-
entropy loss is a natural choice for loss function. The 
weighted cross-entropy loss as (IV) is employed in practice 
to tackle the strong imbalance issue in the liver tumor 
segmentation task.

L y y
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where y̆i
c  denotes the probability of predicting voxel i as 

class c (background, liver, or lesion), yi
c  denotes the binary 

label indicating whether voxel i belongs to class c, and ωi
c  

denotes the weight assigned to class c.

The cross-entropy loss treats each pixel as an isolated 
sample when calculating the overall loss; it does not 
directly correlate with segmentation quality as it is a pixel-
wise loss. However, most of the segmentation metrics are 
evaluated based on the overlap region. There are some trials 
to replace the cross-entropy loss on the medical image 
segmentation tasks, such as Dice loss35 and Jaccard loss21. 
Both of them aim to directly optimize the overlapping 
between the predicted and true segmentation regions. 
Recently, a new kind of loss named Lovász-Softmax loss27 

Figure 3. The segmentation network architecture. Figure created by the authors.
Abbreviation: Conv: convolutional layer.

Figure 4. Dense connections between two upsampling blocks
Abbreviation: Conv-BN-ReLU: Convolutional layer followed by Batch 
Normalization and the Rectified Linear Unit activation function.

https://dx.doi.org/10.36922/aih.5001


Artificial Intelligence in Health Improved liver tumor segmentation with dense networks

Volume 2 Issue 2 (2025)	 65� doi: 10.36922/aih.5001

was proposed for multiclass semantic segmentation, 
aiming for direct optimization of the mean intersection-
over-union (mIoU) score. It shows substantially better 
segmentation performance than the cross-entropy loss on 
several semantic segmentation datasets.

The cross-entropy loss is unable to take the regional 
information into account during the optimization process, 
but it is stable. Despite the improved segmentation 
performance achieved by the Lovász-Softmax loss, it 
is unstable in the training process. Hence, the Lovász-
Softmax loss27 is exploited in a fine-tuning stage to refine 
the segmentation results in the original study.

In this work, a hybrid loss is designed by combining 
the cross-entropy loss and the Lovász-Softmax loss with 
dynamic weights. The weights of two types of losses are 
linearly determined by the iteration of the training process. 
The hybrid loss function is defined in Equation (V):

L n
N

L n
N

Lwce ls� ��

�
�

�

�
� �1 � � (V)

Where Lwce and Lls represent the weighted cross-
entropy loss and the Lovász-Softmax loss, respectively. 
N is the total number of training iterations and n is the 
index of the training iteration. α is a hyperparameter 
chosen to balance Lwce and Lls magnitude and is 
determined empirically. The hybrid loss puts more weight 
on the cross-entropy loss in the early stage of the training 
process and shifts gradually to the Lovász-Softmax loss 
in the late stage. This leads to a coarse-to-fine liver tumor 
segmentation process.

3. Experiments
3.1. Datasets and evaluation metrics

Experiments were conducted to evaluate the performance 
of the proposed I2-DenseFCN using two public datasets, 
namely 2017 LiTS challenge36 and 3DIRCADb. The LiTS 
dataset contains 201 contrast-enhanced abdominal CT 
scans collected from multiple clinical sites, incorporating 
large variations in the in-plane resolution and the slice 
spacing due to the difference in scanners and protocols; 
the dataset includes 131 cases for training and 70 cases for 
testing. The axial slices of all scans have an identical size 
of 512 × 512, and the number of slices in each case ranges 
from 42 to 1026. The 3DIRCADb dataset is composed 
of 20  3D CT scans, of which 15 volumes have hepatic 
tumors in the liver. The number of slices in each case varies 
between 74 and 225.

In our experiments, 131 training cases were further split 
into a training set and validation set at a ratio of 111:20 
for LiTS dataset, whereas 2-fold cross-validation was 

employed to evaluate our method for 3DIRCADb dataset.16 
In the training phase, three adjacent slices of size 224 × 224 
were randomly cropped from raw CT volumes to train our 
I2-DenseFCN. No other pre-processing operations were 
performed in the period.

Similar to the 2017 LiTS challenge36 (XX), the main 
evaluation metric to assess the performance of liver tumor 
segmentation was the Dice per case score, which refers to 
the average Dice score per volume.

3.2. Implementation details

The I2-DenseFCN model was implemented under the 
PyTorch37 framework and was trained with Adam 
optimizer.38 The initial learning rate was set to 0.001 and 
decayed every 40 epochs at a rate of 0.1. The training of each 
model required approximately 30  h on a single NVIDIA 
GTX 1080Ti GPU for 120 epochs, with a minibatch size 
of 16. The inference time cost on the LiTS test dataset was 
about 90 s/case.

In the training stage, a liver segmentation model based 
on the 2D DenseUNet29 was first trained with CT slices in 
their original size. Then the proposed model was trained 
on the cropped dataset. To alleviate overfitting, standard 
data augmentation techniques, such as random flipping, 
rotating, and scaling, were applied. In the test stage, for a 
given 3D CT volume, a coarse liver segmentation result 
was first generated, and then the liver bounding box was 
used by the proposed model to predict the final liver tumor 
segmentation.

3.3. Analysis of the proposed method

In this section, we conducted several experiments on 
the LiTS dataset to evaluate the contributions of each 
component in our proposed I2-DenseFCN, including 
the CT image pre-processing module, the I2-DenseFCN 
segmentation network, and the hybrid loss.

3.3.1. Effectiveness of CT image pre-processing 
module

To validate the effectiveness of the CT image pre-
processing module, we compared the tumor segmentation 
performance of different CT image pre-processing 
approaches using the 2D DenseUNet model. The 
approaches included HU value clipping with a preset 
CT window (Window Clip), the full range of HU values 
without any window (No Window), and the proposed 
integrated window optimization pre-processing module 
(Window Optimization). The preset CT window was set 
to [−200, 250]. The initialization parameters Wwidth, Wlevel, 
U, and ε for window optimization pre-processing module 
were set to 450, 50, 255, and 1, respectively. Experimental 
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results summarized in Table 1 show that the Window Clip 
method produced a better segmentation result than the No 
Window method. This is because the preset CT window 
increases the grayscale differences among task-specific 
tissues in CT images, thereby reducing the learning burden 
on the segmentation network and eliminating interference 
from unrelated tissues. Our integrated CT image pre-
processing module achieved the best tumor segmentation 
result, as it was aimed to find optimal CT window settings.

The visualization of some CT images pre-processed 
using different techniques is shown in Figure 5. The images 
reveal that the lesion regions were more conspicuous 
against the surrounding tissues when our pre-processing 
method was used. To have a more quantitative comparison 
of different pre-processing approaches, we illustrated their 
input-output mapping curves in Figure 6.

3.3.2. Effectiveness of I2-DenseFCN segmentation 
network

We investigated the effectiveness of the I2-DenseFCN 
segmentation network by comparing it with the 2D 
DenseUNet since the I2-DenseFCN network is built upon 
the 2D DenseUNet by introducing the inter-block dense 
connections in the decoder. Both of the two networks are 
integrated with the proposed CT image pre-processing 
module for a fair comparison. The training loss curves 
of the two networks are depicted in Figure  7. The 
I2-DenseFCN network achieved a lower training loss value 
compared to the 2D DenseUNet. We argue that the skip 
connections between modules achieve multiscale feature 
fusion, which helps to enhance the spatial information 
of different scales in the output feature maps. This spatial 
information promotes the recognition of small-scale 
tumors. The Dice per case scores of tumors (Table  2) 
indicate that the proposed segmentation network produces 
better segmentation results than the 2D DenseUNet, 
demonstrating the effectiveness of inter-block dense 
connections of the I2-DenseFCN network.

To visualize the effectiveness of the proposed 
segmentation network, we present the segmentation 
results of some samples from the validation dataset 
in Figure  8. The I2-DenseFCN network handled the 
segmentation of multiscale tumors more effectively than 
the 2D DenseUNet, as expected.

3.3.3. Effectiveness of hybrid loss

The effectiveness of the hybrid loss was assessed by comparing 
the weighted cross-entropy loss and the hybrid loss. The 
tumor segmentation results of the test dataset are shown in 
Table 3. Hybrid loss led to a 1% gain in the Dice per case 
score. Our intuition is that cross-entropy loss, a form of pixel-
level supervision, lacks understanding of global information, 
leading to unclear edges in the final segmentation. The 
Lovász-Softmax loss is directly oriented toward segmentation 
evaluation metrics and captures global information, but its 
training process is unstable. We utilized a dynamic weighting 
mechanism in the hybrid loss to select the appropriate loss 
function at different stages of model training. To have a 
better visual comprehension of the effect of the hybrid loss, 
we outlined the boundaries of the segmented tumors in 
Figure  9. The hybrid loss produced finer tumor boundary 
segmentation compared with the cross-entropy loss.

To demonstrate the necessity of the combination of two 
types of loss functions and the superiority of the dynamic 
weights, two more experiments concerning the loss were 
conducted. One is the experiment on the sole Lovász-Softmax 
loss, the other is a separate two-stage training scheme, where 
the network is trained with the weighted cross-entropy 
loss in the first stage and then fine-tuned with the Lovász-
Softmax loss in the second stage. The results of the above two 
supplementary experiments are shown in Table 3. The results 
show that a joint utilization of the two types of loss functions 
achieved better tumor segmentation performance than either 
of them alone. On the other hand, the design of dynamic 
weights outperformed the two-stage training strategy.

3.4. Comparison with other methods on LiTS

Since the proposed model is designed based on 2D FCNs 
due to the limitation of computer resources, its tumor 
segmentation results were compared against published 
2D-based methods (Table  4). Most methods employed 
FCNs but with some variations. Some methods attempted 

Table 1. Comparison of different pre-processing methods

Pre-processing method Dice per case (%)

No window 67.0

Window clip 68.7

Window optimization 69.0

Table 2. Comparison of different segmentation networks

Segmentation network Dice per case (%)

2D DenseUNet 69.0

I2-DenseFCN 69.6

Table 3. Comparison of different loss functions (Dice: %)

Loss function Dice per case (%)

Lovász-Softmax 65.5

Weighted cross-entropy 69.6

Two-stage training 70.1

Hybrid loss 70.6

https://dx.doi.org/10.36922/aih.5001
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to improve the segmentation performance by enhancing 
the representation capabilities of features, as demonstrated 
by a consistent performance gain from UNet39, ResNet30 
to DenseUNet29 in Table  4. In addition, other approaches 
leverage some post-processing techniques to filter out false 
positives for improved tumor segmentation performance. 
For example, Bellver et al.40 trained a lesion detection 

network, whereas Chlebus et al.41 employed an object-level 
random forest classifier. Despite not utilizing extensive post-
processing operations, the proposed method achieved a 
Dice per case score of 71.3% for lesion segmentation through 
parameter tuning, hence outperforming other methods.

Our approach exceeds the baseline methods from the 
International Symposium on Biomedical Imaging and 
MICCAI challenges according to the leaderboard listed 
in Bilic et al.36 and surpasses the current best 2D-based 
method DenseUNet (Table 4) on the LiTS dataset. It also 

Figure 5. Selected examples of pre-processed CT images for the three different pre-processing methods: HU value clipping with a preset CT window 
(Window Clip), the full range of HU values without any window (No Window), and the proposed integrated window optimization pre-processing module 
(Window Optimization).
Abbreviations: CT: computed tomography; HU: Hounsfield unit.

Figure  6. Input–output mapping curves of the different pre-processing 
methods: HU value clipping with a preset CT window (Window Clip), 
the full range of HU values without any window (No Window), and 
the proposed integrated window optimization pre-processing module 
(Window Optimization).
Abbreviations: CT: computed tomography; HU: Hounsfield unit.

Figure 7. Training loss curves of 2D DenseUNet and I2-DenseFCN
Abbreviation: I2-DenseFCN: intra- and inter-block densely connected FCN.
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establishes a fully end-to-end liver tumor segmentation 
framework that processes the raw CT scans directly without 
the need for separate pre-processing steps. Figure  10 
presents some examples of liver tumor segmentation 
results of our method from the test dataset.

3.5. Comparison with other methods on 3DIRCADb

We further evaluated our method on the 3DIRCADb 
dataset to validate its effectiveness and robustness. We 
compared our method with UNet39, Cascaded UNets16, 
and ResNet,30 using the lesion Dice scores reported in 
their respective original papers. Comparative results 
of tumor segmentation Table  5 shows our approach 
achieved superior tumor segmentation performance. To 
compare with the state-of-the-art method 2D DenseUNet, 

Figure 8. Segmentation results in visualization of different networks. The red regions denote the liver whereas the green ones denote the lesions.

Figure 9. Tumor boundaries visualization of different loss functions

Table 4. Comparison with public 2D methods on the liver 
tumor segmentation challenge dataset

Method Dice per case (%)

Bellver et al.40 59.0

Lei et al.19 64.0

UNet39 65.0

Vorontsov et al.22 65.0

FED-Net42 65.0

Yuan et al.21 65.7

ResNet30 67.0

Chlebus et al.41 67.6

2D DenseUNet29 70.2

I2-DenseFCN 71.3
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we reproduced its lesion segmentation result on the 
3DIRCADb dataset, as these results were not provided in 
Li et al.29 Our method still outperforms 2D DenseUNet 
on the 3DIRCADb dataset, with a 1% increase in lesion 
Dice score. The experimental comparison demonstrates 
the superiority of the proposed method. Figure 11 presents 
some examples of liver tumor segmentation results of our 
method on the 3DIRCADb dataset.

Figure 10. Three examples of segmentation results derived from the liver tumor segmentation challenge test dataset using our proposed method. The red 
regions denote the segmented liver whereas the green ones denote the segmented lesions.

Figure 11. Two examples of segmentation results derived from the 3DIRCADb dataset using our proposed method. The red regions denote the liver 
whereas the green ones denote the lesions.

Table 5. Comparison with Public 2D Methods on the 
3DIRCADb Dataset

Method Lesion Dice score

UNet 0.51±0.25

Cascade UNets 0.56±0.26

ResNet 0.60±0.12

I2-DenseFCN 0.62±0.02
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4. Conclusion
In this article, we present novel, end-to-end FCNs 
designed for liver tumor segmentation in CT volumes. 
Extensive experiments were conducted on two public 
datasets. Our method achieved an average improvement 
of 5.9% in the Dice score and 6% in the Lesion Dice 
score compared to previous methods, demonstrating the 
effectiveness of our approach in segmenting multiscale 
tumors and more accurately delineating tumor 
boundaries. Moreover, our model uses the raw CT scans 
as input without the need for separate pre-processing 
procedures and directly outputs the segmentation map. 
Our method can be easily extended to other medical 
image segmentation tasks within the CT modality. 
In future work, we will focus on the segmentation of 
small tumors, which affects the eventual segmentation 
performance largely. Considering the generalization 
of computer-aided diagnosis, we will explore the 
application of our improved pre-processing module to 
other image modalities such as MRI and other diverse 
segmentation tasks.
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