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Abstract

Liver tumors negatively affect vital functions such as digestion and nutrient storage,
significantly reducing patients’ quality of life. Therefore, early detection and accurate
treatment planning are of great importance. This study aims to support physicians by
automatically identifying the type and location of tumors, enabling rapid diagnosis and
treatment. The segmentation process was carried out using deep learning methods based on
artificial intelligence, particularly the U-Net architecture, which is designed for biomedical
imaging. U-Net was modified by adding residual blocks, resulting in a deeper architecture
called ResUNet. Due to the limited availability of medical data, both normal data fusion and
discrete wavelet transform (DWT) methods were applied during the data preprocessing
phase. A total of 131 liver tumor images, resized to 120 × 120 pixels, were analyzed.
The DWT-based fusion method achieved more successful results, with a dice coefficient
of 94.45%. This study demonstrates the effectiveness of artificial intelligence-supported
approaches in liver tumor segmentation and suggests that such applications will become
more widely used in the medical field in the future.

Keywords: automatic image segmentation; discrete wavelet transform-based data fusion;
liver tumor segmentation; ResUNet

1. Introduction
The liver is a vital organ that fulfills important functions such as digestion and storage

of nutrients and is connected to other organs in the living body. Liver diseases are consid-
ered to be important health problems. Liver cancer is one of the most known cancers in the
world and has many negative effects [1]. Tumors, also referred to as cancer, are divided into
two types: benign and malignant. While benign tumors do not affect the life of the person
very much, malignant tumors affect the life of the person extremely negatively and may
result in death if no precautions are taken. Regardless of whether a tumor in the liver is
benign or malignant, it should be regularly imaged with various imaging techniques, such
as computed tomography (CT), mammography, magnetic resonance (MR), ultrasound, and
X-ray, and interpreted by a specialist.

The structure and diseases of the liver are analyzed by specialists using manual or
automated segmentation methods. Liver segmentation is used to obtain information about
the organ structure from medical images. Imaging techniques such as CT and MR allow
the shape and texture of the tumor to be defined.
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In the segmentation process, determining the type and location of abnormal tissues
is the most important step in diagnosing the disease and planning treatment. Performing
segmentation manually is difficult because it requires expertise and time. It is prone to
errors. Doctors’ personal habits or scanning methods cause significant variations and
shifts in the scanned data distribution. Furthermore, it is costly to transfer medical images
from one medium to another. With the algorithms developed today, artificial data is
generated from real data. Increasing the number of samples provides positive results
for segmentation. In recent years, deep learning techniques have been used to create a
fast detection system in medical image analysis with preprocessing, feature generation,
segmentation, and classification stages [2].

Semantic segmentation is the process of matching each pixel of medical images such as
CT to a class. It categorizes images into classes [3]. Since there are differences even in tissues
of the same class, it is difficult to detect tumors in histopathological images [4]. Pixel-based
segmentation methods are more preferred for medical image segmentation. Various deep
learning architectures based on convolutional neural network (CNN) architecture such as
U-Net and ResNet have been developed for segmentation of these images. While the U-Net
architecture facilitates information propagation between high- and low-level features, the
ResNet architecture provides various advantages that reduce computational difficulties
even in a multi-layer structure thanks to residual blocks. Since medical image data is
limited, data fusion methods can be used to extract important features and increase the
number of samples.

In this study, normal data fusion and DWT-based data fusion were used in the ResUNet
model, which is applied for medical image segmentation, to increase data diversity. Data
fusion led to a significant expansion in the data space. In the Related Works Section, sample
studies on data fusion and segmentation were discussed. The Materials and Methods
Section presents a detailed explanation of the study. In the Results Section, the outcomes of
the application are presented in a table. The Discussion Section evaluates the findings of
the study. Finally, the Conclusions Section summarizes the study and its contributions.

2. Related Works
The liver is a soft organ whose shape and size vary from patient to patient. Due to its

location, it is very difficult to distinguish this organ from other organs around it. Detection
of the liver and related diseases can be carried out by segmentation methods. Some of the
methods used for liver tumor segmentation are described below.

Organ cancers have a high mortality rate and segmentation is a difficult process due
to the erratic shape of the organs [5]. During its development, the architecture ANU-Net
creates dense jump connections between nested convolution blocks and a full-resolution
feature map. In the segmentation process, the weight of the target region is increased while
blocking out the background. In this study, CT scan images from the LiTS dataset and MR
images from the Chaos dataset were used. For liver segmentation, a 98.15% dice coefficient
value was obtained with the LiTS dataset and a 93.55% dice coefficient value was obtained
with the Chaos dataset.

CT scans are widely used to diagnose hepatic anomalies [6]. HFRU-Net is basically
an architecture derived from the U-Net architecture, consisting of high-level features,
reconstructing detailed contextual information and modifying jump paths. In this study,
the HFRU-Net model was analyzed with the LiTS dataset. It achieved a 95% dice coefficient
value for liver segmentation and a 61.4% dice coefficient value for liver tumor segmentation.

Two different architectures for segmentation were compared: a single neural network
and two consecutive fully convolutional neural networks [7]. The first architecture seg-
mented the liver while the second architecture segmented the tumor. The model was trained
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with a subset of the LiTS dataset and tested with data from a private radiology center. It
achieved 93.85% IoU for liver lesion evaluation and 79.17% IoU for tumor detection.

The ResUNet model was applied to segment the liver using the Ircadb01 dataset [8].
In the study, the ResUNet model achieved 99.23% accuracy for liver segmentation and
99.27% accuracy for tumor segmentation.

Deep learning techniques are widely used for classification and segmentation [9]. In
this study, 66 MR data points were classified into four classes as normal, glioblastoma,
sarcoma, and metastatic using a deep neural network (DNN). Image segmentation was
performed using a fuzzy method. Feature extraction was performed using DWT. Compo-
nent reduction was performed using principal component analysis (PCA). As the last step,
classification was performed with the DNN model. The implemented system is similar to
CNN architecture and requires less hardware.

Upon examining studies in the literature, it was observed that the shape, texture, and
types of tumors could be analyzed with deep learning methods. In this study, we aimed to
segment liver tumors with the ResUNet model. Data fusion was applied to increase the
performance of the model and the number of samples.

3. Materials and Methods
In this study, CT-based liver images were resized to 120 × 120 pixels to preserve

sufficient tumor information while reducing processing time, lowering memory usage,
and enabling faster model training. Data fusion was applied to increase data diversity,
enhancing the variety of samples available for training. Following this, analyses were
performed using the ResUNet model to segment and identify the liver tumors. This process
is illustrated in the flowchart shown in Figure 1, starting from image preprocessing, through
data fusion, and ending with model training and evaluation.

3.1. DWT-Based Data Fusion

Image fusion is the process of combining multiple images while preserving certain
features [10]. Image fusion encompasses algorithms that emphasize the interesting features
of an image and limit the unimportant features. PCA and DWT-based methods are widely
preferred for image fusion.

In the DWT method, detailed information is extracted from a single image and injected
into another image. Wavelets have the ability to select and process frequencies over time.
Similar to a neural network, feature-level image fusions can be created through wavelets. In
medical image processing, wavelets provide consistent and well-characterized features [11].
By using discrete wavelet transform, the image is decomposed into bands [12].

The use of DWT in feature-level fusion offers several advantages for medical image
segmentation tasks. By decomposing input data into multi-resolution frequency sub-bands,
DWT enables the preservation of both spatial and frequency information. This allows for
more effective integration of complementary features, enhancing the model’s ability to
detect fine structural details such as tumor boundaries. Moreover, DWT helps suppress
noise by isolating high-frequency components, resulting in cleaner fused representations.

In this study, a multi-level three-dimensional discrete wavelet transform (3D-DWT)
was applied to the combined volumetric image data. The Haar wavelet was chosen for
this transformation due to its computational efficiency and its effectiveness in capturing
structural variations. The Haar wavelet is the most basic wavelet function that decomposes
a signal into approximation and detail components. Mathematically, it is a short-support,
orthogonal basis function, allowing it to effectively represent both the global structure
(approximation coefficients) and the local variations (detail coefficients) of the data. When
applied to 3D image data, the Haar wavelet decomposes the volume into multi-level, three-
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dimensional frequency components. This decomposition reveals both the low-frequency
general structure and the high-frequency details. The wavelet coefficients obtained from
the transformation reflect the multi-scale and multidimensional nature of the volumetric
data, providing a more meaningful and rich representation of the structural features in
the images. Consequently, this contributes to more accurate and effective delineation of
complex tissues and boundaries, particularly in medical image segmentation.

Figure 1. Flowchart of the study.

3.2. U-Net Model

The success of CNN architecture is sometimes limited due to reasons such as the
training set and the size of the network [13]. Therefore, in 2015, Olaf Ronneberger and
colleagues proposed the U-Net architecture based on CNN. This architecture provides
precise and end-to-end semantic segmentation. In semantic segmentation, knowledge of
low-level details is crucial for high-level semantic information.

The U-Net architecture uses hopping connections [14] to reduce the size of the feature
map [15]. This architecture groups each pixel into a specific category. It extracts low-
level features and combines them with higher-level features. Since the network resembles
a U-shape, it allows contextual information to be spread over higher resolution layers.
Downsampling is used to gradually display environmental information and upsampling
is used to restore detailed information. It has a symmetric network structure with an
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encoder and a decoder. The encoder captures the context of the image by downsampling
the input. The decoder performs upsampling and converts the output resolution to the
input resolution. It performs pixel-wise classification and divides the image into real and
fake regions [16,17]. In the decoding phase, the size of the feature map is restored and a
symmetric form is created. This symmetric form unifies the feature map at the same level
and allows the feature map to be reused [18].

3.3. ResNet Model

The ResNet architecture was developed to further facilitate training by adding a
shortcut connection at both layers to a network similar to the VGG architecture [19].
An important advantage is that it can provide deep network training with more than
1000 layers. The identity shortcut connections used in the architecture provide an advanced
degree of optimization [20,21]. The residual block structure is shown in Figure 2.

Figure 2. Residual block structure [22].

3.4. Implementation of the ResUNet Model

In this study, we applied feature-level data fusion to make better use of the information
coming from different image sources or modalities. This approach is commonly used in
medical imaging, especially when combining complementary data from multiple modal-
ities. The process starts by extracting feature vectors (embeddings) from each modality
using deep learning models such as CNNs. Each modality is processed individually, and
the resulting feature representations are then concatenated to form a single, unified feature
vector. We preferred concatenation because it preserves the unique information from each
modality without losing any details. It is also a flexible and simple method, allowing us to
combine features even if they come from networks with different dimensions. This way, the
model benefits from the rich, complementary information provided by each modality and
can make more accurate predictions overall. In feature-level fusion, concatenation refers to
the process of combining feature vectors extracted from different modalities side by side to
form a single high-dimensional vector.

The liver tumor dataset [23] contains medical images with the NIfTI (.nii.gz) extension,
which contains multimodal CT scans. Binary data fusion and DWT-based data fusion were
applied to the dataset. The 130 images in the liver tumor dataset were transformed into a
new dataset of 21,282 data points. This method significantly expanded the dataset in the
feature space solely through feature-level fusion, without applying any conventional data
augmentation techniques. As a result, a larger and more diverse set of training samples was
created from a relatively small number of original images, enhancing the model’s ability to
generalize. Altogether, 18,089 data points were used for training and 3193 data points were
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used for testing. The liver images were resized to 120*120. A sample liver image for liver
tumor segmentation is shown from x, y, and z angles in Figure 3.

Figure 3. The liver and mask images from the x, y, and z angles are presented as follows: (a) liver
image in the z-axis; (b) mask image in the z-axis; (c) liver image in the y-axis; (d) mask image in the
y-axis; (e) liver image in the x-axis; (f) mask image in the x-axis.

The hybrid ResUNet model created for 120*120 images is shown in Figure 4.

Figure 4. Designed hybrid model.

Since the images used in the study were resized to 120 × 120 pixels, the model uti-
lized four different filter sizes: 16, 32, 64, and 128. The architecture follows a U-Net-like
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encoder–decoder structure enhanced with residual connections to facilitate better gradient
flow and more stable training. The network consists of four downsampling and four
upsampling stages. Each convolutional block in the encoder and decoder paths includes
two convolutional layers with 3 × 3 kernels, followed by batch normalization and ReLU
activation. Downsampling is performed using 2 × 2 max-pooling operations, while up-
sampling is achieved via transposed convolution layers. Residual connections are applied
by summing the input of each block with the output after the second convolutional layer.
The final layer uses a sigmoid activation function to produce binary segmentation outputs.
During training, the batch size was fixed at 32. The “Adam” optimizer was employed
for the optimization process, with the learning rate set to 0.001. As the loss function, “bi-
nary_crossentropy” was used, which is commonly applied in binary classification tasks.
The data was randomly split into training and testing sets, and the model was trained for
35 epochs.

3.5. Activation Functions Used in the Model

The activation function is the non-linear layer that generally follows the convolution
layer. It allows the network to learn non-linear mappings to increase robustness. In
architectures such as CNN and U-Net, activation functions such as sigmoid, tanh, and
ReLU are used. The sigmoid function is often used in feed-forward neural networks. The
output value of this function takes a value between 0 and 1. Its formula is shown in
Equation (1) [24].

f(x) =
1

1 + e−x

f(x) ∈ (0, 1) (1)

ReLU is an unsaturated activation function used to eliminate any negative value. It
is very useful in CNN and its sub-architectures as it eliminates negative gradients when
the threshold value is zero. This function, which provides fast convergence and ease of
programming, is shown in Equation (2) [25,26].

ReLU(x) =

{
x i f x > 0
0 otherwise

(2)

4. Experimental Results
Table 1 shows the technical feature of the appliance on which the application was

performed.

Table 1. Technical feature of the appliance on which the application is performed.

Hardware Model

CPU Intel® Core (TM) i7-8750 H
RAM 16 GB

CPU frequency 2.20 GH
GPU NVIDIA GeForce GTX 1060 GPU

Evaluation of Segmentation Results

The evaluation of semantic segmentation is quite complex. The performance of
segmentation is not only measured by common metrics such as accuracy. In models such
as U-Net and ResNet, metrics such as the dice coefficient are more preferred for measuring
the performance of segmentation.
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Performance measurement methods, such as a confusion matrix using actual and
predicted values, are used to evaluate model results. The ratios of predicted and actual
values are shown as elements of a class in the complexity matrix as shown in Figure 5.

Figure 5. Confusion matrix.

Performance metrics guide the modeling process and are very important in the evalua-
tion of segmentation. In this study, precision, sensitivity, the f-measure, the dice coefficient,
and metrics were used to measure the performance of the model.

Precision: This metric, which is used to evaluate samples and calculate them as a ratio,
is shown in Equation (3).

Precision =
TP

TP + FP
(3)

Sensitivity: Sensitivity is a valid and popular metric expressed as the ability of the
model to predict positive samples. It is less sensitive than metrics based on the F-score and
it is shown in formula Equation (4) [27].

Sensitivity =
TP

TP + FN
(4)

F-measure: The F-measure is the harmonic mean of the precision and sensitivity
values and its formula is shown in Equation (5) [28].

F − measure =
2TP

2TP + FP + FN
(5)

Dice Coefficient: The dice coefficient is a statistical metric used to measure the match-
ing quality of object pairs [29]. It can properly evaluate uncertainty due to missing data
used in complex methods and image segmentation [30], it overcomes the problem of class
imbalance [31], and it describes the similarity between two objects in a range between 0
and 1 [32]. Its formula is shown in Equation (6) [33,34].

Dice =
2TP

FN + FP + 2TP
(6)

The dice coefficient plot of the ResUNet model is shown in Figure 6.



Electronics 2025, 14, 2589 9 of 13

Figure 6. ResUNet dice coefficient graph.

The loss plot of the ResUNet model is shown in Figure 7.

Figure 7. ResUNet loss graph.

Figure 8 shows a sample image and the extracted tumor region.

Figure 8. An example liver image and the segmented result presented as follows: (a) original liver
image; (b) segmented image with the tumor region extracted.
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Table 2 shows the normal and DWT-based data fusion methods applied for liver tumor
segmentation and their analysis with the ResUNet model.

Table 2. Data fusion methods used for liver tumor segmentation and the test results with the
ResUNet model.

Precision (%) Sensitivity (%) F-Measure (%) Dice Coefficient (%)

ResUNet + Data Fusion 98.86 98.22 98.54 94.40
ResUNet + DWT-Based Data
Fusion 98.53 98.70 98.62 94.45

The results of studies in the literature that investigated liver tumor segmentation are
shown in Table 3.

Table 3. Comparison of studies for liver tumor segmentation according to the literature.

Reference Dataset Precision
(%)

Sensitivity
(%)

F-Measure
(%)

Dice Coefficient
(%)

Eres-UNet++ [35] LiTS - 93.4 91.3 -
CDNN [36] LiTS - - - 65.7
DPC-Net [37] LiTS - - - 76.4
CC-DenseUNet [38] 3DIRCADb - - - 66.3
AIM-Unet [39] 3DIRCADb - - - 65.5 ± 12.9
ResUNet + DWT-Based
Data Fusion [23] 98.53 98.70 98.62 94.45

5. Discussion
In this study, we worked with a limited dataset to examine liver tumor segmentation.

We observed that available datasets in this field are quite scarce, mainly due to ethical
concerns and the difficulties of annotation. Therefore, to use our data more effectively and
increase its diversity, we applied both traditional and DWT-based data fusion techniques.
The ability of DWT to decompose the data into both its general structure and detailed
components helped the model learn features more effectively.

At the feature level, we increased the model’s learning capacity by combining multiple
feature maps obtained from different sources. This allowed the model to be trained on a
richer and more comprehensive representation space. We chose the Haar wavelet due to
its computational efficiency and its ability to capture abrupt structural changes in images
effectively. Its short support and orthogonal structure allowed it to represent both the
overall structure and local details of the data effectively.

We preferred the ResUNet architecture because residual blocks enable deeper learning
and prevent issues like gradient vanishing. This particularly improved segmentation
performance on low-resolution images.

There are some limitations in our study. Specifically, due to the small size of our
dataset, we were unable to perform cross-validation. More extensive testing with stronger
hardware could overcome this limitation in the future. Additionally, investigating how our
model performs on different datasets and under varying conditions is an important topic
for future research.

6. Conclusions
Organs in the living body are groups of tissues responsible for performing specific

functions. One of these organs, the liver, has a number of important vital functions such as
digestion, storing nutrients, and balancing hormones. The liver is similar in shape, texture,
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and density to the organs around it. Because of this similarity, detecting disease in the liver is
a very difficult process. To analyze medical images, methods such as manual segmentation
based on expert knowledge or automatic segmentation based on artificial intelligence are
used. Liver segmentation is an important step in detecting lesions and diagnosing liver-
related diseases. Automated segmentation methods based on deep learning and machine
learning are not as time-consuming and laborious as manual methods for segmenting
the liver into lesions or locating the tumor. Deep learning offers the opportunity to build
more powerful and accurate models for generating predictions. It produces more deeply
transformative and analyzable predictions. Since medical images require many features
such as a suitable environment and adequate hardware, the availability of data is limited.
Due to this limitation, the number of data points can be increased with artificial intelligence-
based algorithms. In this study, normal data fusion and DWT-based data fusion methods
were used to increase the number of samples of the liver dataset. The fusion images for
liver tumor segmentation were analyzed using the ResUNet model. It provided remarkable
results in the form of the dice coefficient value, which is one of the key metrics for medical
image segmentation. It is expected that in the coming years, artificial intelligence-based
applications for medical image segmentation will become more widespread and will
provide experts with preliminary information for diagnosis and treatment.
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