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Abstract

Automated liver lesion analysis from computed tomography (CT) images can assist clinicians by providing objective information about lesion
location and disease category. This paper presents a segmentation-based liver lesion classification framework developed using the Liver Tumor
Segmentation Challenge 2017 (LiTS17) dataset. The proposed workflow follows a sequential strategy in which abdominal CT images are first
preprocessed, the liver is segmented from the abdominal image, tumors are segmented from the extracted liver region, features are derived from
the segmented tumor region, and the lesion is finally classified as benign or malignant. Several CT preprocessing methods are considered,
including Hounsfield Unit (HU) windowing, resizing, Contrast Limited Adaptive Histogram Equalization (CLAHE), Min-Max normalization, Z-
score normalization and median filtering, For the segmentation stage, multiple U-Net, LinkNet, PSPNet, FPN, DANet, CFNet, SpatialOCRNet and
DeepLab configurations are investigated. The reported segmentation experiments achieve their strongest result with CFNet using a ResNet50V2
backbone, with 99.52% Dice and 99.05% IoU. For lesion classification, models are evaluated from scratch and with pretrained weights. Among
the reported pretrained models, InceptionResNetV2 achieves the highest classification accuracy of 99%, with benign and malignant F1-scores of
98% and 99%, respectively. The study demonstrates the potential of combining explicit anatomical/lesion segmentation with deep feature
learning for liver lesion classification.

Keywords: Liver lesion classification; LiTS17; CT image; liver segmentation; tumor segmentation; deep learning; benign tumor; malignant tumor;
f\eature extraction.
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1. Introduction

Liver cancer is a major cause of cancer death worldwide, and early detection and treatment planning rely strongly
on imaging [1]. Contrast-enhanced CT is the most common modality for characterising hepatic lesions [2], but
delineating the liver and its tumours by hand on hundreds of slices per patient is slow and varies between person.
Automatic classification of liver lesions into clinically meaningful categories is challenging because lesion
appearance can vary in size, shape, attenuation and surrounding anatomical context. A classification model trained
directly on complete abdominal CT images may receive substantial irrelevant information from organs and tissues
outside the lesion. Deep learning, and fully convolutional networks in particular, has become the standard way to
automate this task [3], [4].

The Liver Tumor Segmentation Challenge (LiTS) provides the most widely used public benchmark, with expert-
labelled liver and tumour masks for 130 training volumes [5]. The U-Net architecture introduced by Ronneberger et
al. established an encoder-decoder framework with skip connections that has become a standard approach for
biomedical image segmentation [6]. Subsequent architectures such as LinkNet, PSPNet and Feature Pyramid
Networks introduced efficient encoding, multi-scale representations and contextual feature aggregation [11-13].
Attention-based models such as DANet further attempt to capture spatial and channel relationships that may
improve segmentation of complex structures [14].

Two practical questions are often answered only implicitly: which preprocessing should be applied to the raw CT
intensities, and which architecture and encoder should be chosen. Earlier studies showed that preprocessing can
change U-Net liver segmentation quality noticeably [7], [8], but a combined view of preprocessing, window choice
and a broad set of architectures on a single, consistently prepared LiTS17 dataset is rarely reported.

Segmentation quality matters beyond the mask itself: many liver tumour classification pipelines segment first and
classify the segmented lesion [9], [10], so errors in the mask are carried into the diagnosis. This paper therefore also
reports a benign versus malignant lesion classification study on the same data, using six models trained from scratch
and ten ImageNet-pretrained models.

The contributions of this paper are:
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e Areproducible slice-extraction and dataset-organisation pipeline for LiTS17 that links each CT slice to its mask
and lesion type.

e An ablation of different preprocessing combinations with a U-Net, selected from a wider catalogue of techniques
used in the medical literature.

e A benchmark of eight segmentation architectures and up to six pre-trained backbones for three-class liver and
tumour segmentation, reported with Dice and IoU.

e An analysis of benchmark of six scratch-trained and ten pre-trained networks for benign versus malignant lesion
classification on the same data.

Section 2 reviews related work, Section 3 describes the proposed work, Section 4 reports and discusses the
experiments, and Section 5 concludes.

2. Related Work

2.1 Deep learning for liver and tumour segmentation

CNN-based methods learn hierarchical features directly from images and replaced hand-crafted features across
medical image analysis [3]. For the liver, cascaded fully convolutional networks first segment the liver and then the
tumours inside it [4]. The LiTS benchmark [5] standardised evaluation with multi-centre CT volumes acquired with
varying scanners, slice thickness and protocols, and U-Net [6], an encoder-decoder with skip connections, became
the common reference architecture.

2.2 Encoder-decoder and pyramid architectures

Besides U-Net, LinkNet connects encoder and decoder blocks directly, giving an efficient network [11]. The Feature
Pyramid Network (FPN) fuses multi-scale features through a top-down pathway with lateral connections [12], and
PSPNet adds a pyramid pooling module to aggregate context from several region sizes [13]. All four can use
ImageNet-pretrained encoders, which improves convergence on limited medical data.

2.3 Context and attention based architectures

Forlarger context, the Dual Attention Network (DANet) models spatial and channel dependencies with two attention
modules [14]. CFNet exploits co-occurrent features between classes [15], SpatialOCRNet (object-contextual
representations) aggregates pixel features according to object-region representations [16],and DeepLab uses atrous
(dilated) convolution with an encoder-decoder design [17]. These models are designed for natural-image scene
parsing, and their behaviour on small, low-contrast liver tumours is less documented.

2.4 Backbones

The encoders used in this work cover residual networks (ResNet50 [18] and ResNet50V2 [19]), grouped and
squeeze-and-excitation variants (SE-ResNeXt50 [20], [21]), the Inception family (InceptionV3 [22] and
InceptionResNetV2 [23]), lightweight and compound-scaled networks (MobileNetV2 [24] and EfficientNetB3 [25])
and depthwise separable convolutions (Xception [26]).

2.5 Preprocessing of CT images

CT intensities are expressed in Hounsfield Units (HU); windowing selects the HU range that is mapped to grey levels,
which increases contrast of the organ of interest. Phan et al. showed that exploiting HU attenuation information
improves liver lesion analysis [29]. Contrast-limited adaptive histogram equalisation (CLAHE) [27] enhances local
contrast, and denoising by median, Gaussian or block-matching 3D (BM3D) filtering [28] is also common. Islam et
al. [7] and Kaczor et al. [8] compared preprocessing techniques for U-Net liver segmentation and found that the
choice affects accuracy, which motivates the ablation in this paper.

2.6 Research gap

Existing studies typically evaluate one or two architectures with a single preprocessing choice. A consistent
comparison of preprocessing techniques, HU windows and a broad range of architecture-backbone pairs, using the
same data preparation and metrics on LiTS17, is the gap addressed here.

3. Proposed Work

The work has four steps: (1) data preparation and preprocessing of CT slices and masks, (2) selection of a
preprocessing technique through a U-Net ablation, and (3) multi-class liver and tumour segmentation with
traditional and advanced architectures, each trained with several pre-trained backbones and evaluated with Dice
and IoU, and (4) benign versus malignant lesion classification with scratch-trained and pre-trained CNNs. The
architecture flow of proposed work mentioned in Figure 1.

3.1 Data set

We employ in this work the Liver Tumor Segmentation Challenge 2017 (LiTS17) [19] dataset, a benchmark dataset
provided for liver lesion segmentation from CT scans. The Dataset Consists of a total of 130 and 70 contrast-
enhanced 3D abdominal CT scans from several clinical centers with different scanners and protocols for training
and testing, respectively. Accordingly, the datasets exhibit highly varying spatial resolution and fields of view. The
in-plane resolution ranges from 0.60 mm to 0.98 mm, and the slice spacing ranges from 0.45 mm to 5.0 mm. All the
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scan axial slices are the same size, 512 x 512, but the number of slices varies significantly and ranges from 42 to
1026. The publicly available LiTS17 dataset includes only the ground truth (GT) of liver and lesion segmentation for
the training split. A GT lesion type is not available. Khaled et al [30] published a paper where lesions are divided into
three categories: normal, benign, and malignant (4 Normal, 41 Benign , and 85 Malignant) for the LiTS17 training
dataset. After extracting the slices that contain liver and tumour information, the working dataset has 6,930 images
with 2,602 benign and 4,766 malignant images.

3.2 Data preparation pipeline

1. CT volume processing. Each volume (Volume-1 to Volume-130) is read from its .nii file and rotated by 90°. A
folder is created for every patient, the Hounsfield window is applied to each slice, and the slice is saved as a .jpg
image (0.jpg, 1.jpg, -..).

2. Mask processing. Each segmentation file (Segmentation-1 to Segmentation-130) is read and rotated in the same
way, and each mask slice is saved in a patient folder as a .png file, with labels 0 (background), 1 (liver) and 2
(tumour).

3. Slice selection and indexing. Slices that contain liver and tumour information are listed in a .csv file with the path
of the volume slice, the path of the corresponding mask slice and the lesion type. The final dataset therefore consists
of a Volume folder and a Mask folder per patient, and the CSV file.

From CT vol to a benign or

lignant label in five stages

( R
1 LiTS17 dataset
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Fig. 1: Architecture flow of proposed work
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3.3 Preprocessing techniques considered

The following techniques, which are applied to enhanced CT images in the medical literature, were considered:

e HU Windowing: HU values are mapped to grey levels within a window; values below the lower bound appear
black and values above the upper bound appear white. The window width defines the range of CT numbers in the
image. A large width assigns many HU values to each grey level, produces a long transition from white to black and
obscures small differences in tissue attenuation. Different Window size is examined as shown in Figure 2 Among
that window size [-30, 150] selected which emphasize the organ of interest, like the liver parenchyma and lesions.
It serves to suppress irrelevant structures (e.g., bones or air), enhance contrast, and better model feature extraction.

Window Size: (-1000,1000) Window Size: (-500,500)

Window Size: (-150,250) Window Size: {-30,150) Window Size: {-10,100)
Fig. 2: Effect of Different HU window size selection on CT image

e Image Resizing and Normalization: Resizing is applied before segmentation to standardize the input dimensions.
The conventional segmentation models use input size 224 x 224, PSPNet uses 384 x 384 as input size, and advanced
segmentation models use 320 x 320 as input size . The preprocessing study also considers Min-Max normalization
and Z-score normalization.

e Contrast Enhancement using CLAHE : It is applied to improve the local contrast of CT images. When compared to
global histogram equalization, CLAHE's 7x7 image tile diffusion effectively eliminates noise while revealing fine
features. It comes in use for medical imaging, in particular when there is poor contrast between different types of
tissue and a crucial feature (like a tumor) that needs to be examined. The approach additionally made use of a clip
limit (0.2) to prevent the histogram equalization inside each tile from amplifying noise to an unreasonable degree.
At last, the produced tiles are combined using bilinear interpolation.

e Noise Removal: Noise are removed using median filtering

e Data Augmentation: The dataset contains 6930 CT images, with 2,602 benign cases and 4,766 malignant
instances, resulting in a class imbalance, which can be addressed through data augmentation. Classical image
manipulation techniques were used to enhance data from the minority (benign) class in order to increase the
model's generalizability and address this problem. The classical augmentation methods (Horizontal Flip, Vertical
Flip, Rotations ( 90°, 180°, and 270°), and Random Shifting by 10-15 pixels in horizontal and vertical directions
Jwere employed: These transformations were applied to synthetically increase the number of benign samples and
ensure a more balanced distribution between classes, thereby reducing bias during model training

e Hybrid combinations: Different combinations were compared with a U-Net like HU windowing + min-max
normalisation, HU windowing + CLAHE, HU windowing + z-score normalisation and HU windowing + median
filtering and HU windowing + min_max normalization + CLAHE.

3.3 Liver and Tumor Segmentation

The segmentation stage is a multi-class problem with three mask classes: background, liver and tumor. Two groups
of models were trained for multi-class segmentation of liver and tumour.

¢ Traditional models (U-Net [6], LinkNet [11], PSPNet [13], FPN [12]) with six pre-trained backbones: ResNet50,
SE-ResNeXt50, InceptionV3, MobileNetV2, InceptionResNetV2 and EfficientNetB3, using the segmentation_models
library [30].

e Advanced models (DANet [14], CFNet [15], SpatialOCRNet [16], DeepLab [17]) with four backbones:
EfficientNetB3, Xception, ResNet50V2 and MobileNetV2, using the TensorFlow Advanced Segmentation Models
library [31].
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3.4 Lesion Classification

The classification stage addresses binary classification of liver lesions into benign and malignant categories.

Two groups of models were compared. Ten ImageNet-pretrained models were fine-tuned: VGG16 [35], InceptionV3
[22], InceptionResNetV2 [23], ResNet50 [18], EfficientNetB3 [25], DenseNet201 [36], Xception [26], ConvNeXtSmall
[37], MobileNetV2 [24] and NASNetMobile [38]. Six models were trained from scratch: a plain CNN, ResNet34,
ResNet50, DenseNet121, Xception and MobileNet [39]. All models used the Adam optimiser with a learning rate of
0.0001 and batch sizes of 8 or 16.

4. Experimental Result

his section demonstrates the outcome attained by the different segmentation and classification model. In addition,
a comparative analysis of the respective model with existing mechanisms is illustrated.

4.1 Experimental setup

All of the tests were done in Google Colab Pro using Accelerated for NVIDIA GPU. The LiTS17 dataset, which is
publicly available, was used as the source of the data. The total number of abdominal CT slices was then randomly
divided into a training subset, validation subset, and test subset in a ratio of 70%, 10% and 20%, respectively. All
models were trained with the Adam optimiser [32] and a learning rate of 0.0001, for 50 or 100 epochs and batch
sizes of 8 or 16. The traditional models used 224 x 224 inputs, except PSPNet (384 x 384), and the advanced models
used 320 x 320 inputs.

4.2 Effects of Pre-processing Techniques

To evaluate the effect of preprocessing on liver and tumor segmentation, a U-Net model was trained and tested with
five different preprocessing pipelines, all built on Hounsfield Unit (HU) windowing. Segmentation performance was
measured with the Dice similarity coefficient (DSC, reported in %) on the training, validation, and testing sets, as
summarized in the table 1.

Table 1: Dice score (%) of U-Net for different preprocessing techniques
Preprocessing technique Training | Validation Testing
HU windowing + min-max normalization 99.01 98.19 97.04
HU windowing + CLAHE 98.58 98.01 97.03
HU windowing + z-score normalization 98.20 95.23 94.14
HU windowing + median filtering 97.57 92.78 89.92
HU windowing + min-max normalization + CLAHE 99.42 98.39 97.21

Among the single-technique pipelines, HU windowing combined with min-max normalization performed best, with
Dice scores 0f 99.01%, 98.19%, and 97.04% on the training, validation, and testing sets respectively. HU windowing
with CLAHE (Contrast Limited Adaptive Histogram Equalization) was nearly identical, reaching Dice scores of
98.58% (training), 98.01% (validation), and 97.03% (testing). This suggests that enhancing local contrast helps the
network separate liver parenchyma from tumor regions, where intensity differences are subtle.

In contrast, HU windowing with z-score normalization generalized noticeably worse, with a training Dice of 98.20%
but only 95.23% on validation and 94.14% on testing. HU windowing with median filtering performed worst,
reaching a training Dice of 97.57% but dropping to 92.78% on validation and 89.92% on testing. This is likely
because median filtering smooths the image and blurs fine boundary details and small tumor edges that are
important for accurate segmentation. The widening gap between training and testing Dice for these two methods
(about 4.06% for z-score and 7.65% for median filtering) also points to weaker generalization compared with the
other pipelines.

The best overall performance came from combining HU windowing, min-max normalization, and CLAHE, which
achieved Dice scores of 99.42% (training), 98.39% (validation), and 97.21% (testing). The small gap between
training and testing Dice (about 2.21%) indicates stable learning with little overfitting. These results show that min-
max normalization and CLAHE complement each other: normalization provides a consistent intensity range for
stable training, while CLAHE improves local contrast and the visibility of tumor boundaries. This combined pipeline
was therefore selected as the preferred preprocessing strategy for liver and tumor segmentation with U-Net.

4.3 Traditional Segmentation Models

Table 2 gives Dice and IoU for U-Net, LinkNet, PSPNet and FPN with the six backbones under the [-30, 150] HU
window. All 24 combinations reached a Dice score of 99.76% or higher, so Dice alone hardly separates them. IoU is
more discriminating. U-Net with SE-ResNeXt50 gave the highest loU of the group (95.65%), followed by U-Net with
ResNet50 (95.54%) and InceptionResNetV2 (95.53%). LinkNet was similar (up to 95.20% with EfficientNetB3), and
PSPNet, which was run at the higher 384 x 384 resolution, was lower (92.28-93.84%). MobileNetV2 was the
weakest backbone for every architecture, which is consistent with its small capacity, but the gap to the best backbone
is small (about 0.7 IoU points for U-Net). FPN reached the highest Dice values (up to 99.87% with ResNet50), but its
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IoU was only 62.04-62.51%. Such a large Dice-IoU gap suggests that the FPN predictions overlap well on the
dominant liver region but poorly on the small tumour class, or that the two metrics were averaged differently for
this model; this should be checked before using FPN for tumour delineation.

Table 2: Experimental Results using traditional Segmentation Model

BACKBONE/MODEL | UNET LINKNET PSPNET FPN
(384 x 384)
DICE IoU |DICE |[IOU | DICE 10U | DICE 10U

RESNET50 99.86 | 95.54 | 99.85 | 95.05 | 99.81 93.79 | 99.87 62.51
seresnext50 99.86 | 95.65 | 99.83 | 94.37 | 99.81 93.77 | 99.85 62.39
inceptionv3 99.86 | 95.36 | 99.84 | 95.01 | 99.80 93.34 | 99.85 62.20
mobilenetv2 99.84 | 94.97 | 99.82 | 94.22 | 99.76 92.28 | 99.82 62.04
inceptionresnetv2 99.86 | 95.53 | 99.84 | 95.16 | 99.80 93.72 | 99.86 62.37
efficientnetb3 99.86 | 95.44 | 99.85 | 95.20 | 99.81 93.84 | 99.84 62.29

4.4 Advanced Segmentation Models

Table 3 reports DANet, CFNet, Spatial OCRNet and DeepLab at 320 x 320 resolution under the [-30, 150] HU window.
Their Dice scores (about 99.4-99.5%) are slightly below those of the traditional models, but their IoU is clearly
higher (about 98.8-99.0%), which indicates more precise overlap on both liver and tumour. DANet and CFNet were
the most consistent: CFNet gave 99.47-99.49% Dice and 98.96-98.99% IoU with all four backbones, and DANet
reached 99.49% Dice and 98.99% IoU with Xception. SpatialOCRNet depended strongly on the backbone: it was
close to CFNet with ResNet50V2 (99.48% Dice, 98.97% IoU) but fell to 95.94% Dice and 92.47% IoU with
EfficientNetB3. DeepLab was the weakest model for all backbones, with Dice between 76.30% and 84.64% and [oU
between 61.92% and 73.37%, so it is not suitable under this training configuration.

Table 3: Experimental Results using traditional Segmentation Model

BACKBONE/MODEL DANet CFNet Spatial OCRNet DeepLab

DICE 10U DICE 10U DICE 10U DICE 10U
efficientnetb3 99.38 98.77 |99.49 | 98.99 | 9594 92.47 84.64 | 73.37
Xception 99.49 98.99 |99.47 | 98.96 | 98.88 97.80 83.29 64.32
resnet50v2 99.49 98.98 | 99.49 | 98.99 | 99.48 98.97 77.29 69.21
mobilenetv2 99.37 98.76 | 99.48 | 98.97 | 98.81 97.67 76.30 61.92

4.5 Lesion classification result

Table 4 gives the results of the models trained from scratch. (without transfer learning). ResNet34 and ResNet50
were best (98% accuracy, with benign recall of 97% and 98%) and the plain CNN reached 96.97% (benign recall
93%). Xception (91%) and MobileNet (82%) detected the minority benign class poorly (benign recall 79% and
55%), and DenseNet121 was unstable (72% accuracy, malignant recall 61% and benign precision 53%)

Table 4. Lesion classification result using Models trained from scratch

Vol.5, No. 3s, 2025 6


http://www.svedbergopen.com/ijaiml

www.svedbergopen.com/ijaiml

International Journal of Artificial Intelligence and Machine Learning

Model Precision Recall F1-Score Accuracy
Benign | Malignant | Benign | Malignant | Benign Malignant

CNN 98% 97% 93% 99% 95% 98% 96.97%
ResNet34 97% 99% 97% 99% 97% 99% 98%
ResNet50 96% 99% 98% 98% 97% 99% 98%
DenseNet121 | 53% 97% 95% 61% 68% 75% 72%
Xception 90% 91% 79% 96% 84% 93% 91%
MobileNet 83% 82% 55% 95% 66% 88% 82%

Table 5 gives the pre-trained results. InceptionResNetV2 was the best model, with 98%, 99% and 99% precision,
recall and Fl-score respectively for the benign / malignant classes and 99% accuracy. VGG16, ResNet50,
DenseNet201 and Xception followed with 98%, InceptionV3 and EfficientNetB3 with 97% and MobileNetV2 with
96%. Pre-training clearly helped the models that were weak from scratch: Xception rose from 91% to 98% accuracy
and from 79% to 98% benign recall. ConvNeXtSmall and NASNetMobile did not learn the task: both predicted every
slice as malignant (benign recall 0%, malignant recall 100%), giving 69% accuracy, which equals the proportion of
malignant slices. They should be regarded as failed runs rather than as evidence about the architectures themselves,
and their causes were not investigated.

Table 5: Lesion classification result using pre-trained model

Model Precision Recall F1-Score Accuracy
Benign Malignant | Benign | Malignant | Benign | Malignant
VGG16 97% 99% 97% 99% 97% 99% 98%
InceptionV3 96% 98% 95% 98% 96% 98% 97%
InceptionResNetV2 | 98% 99% 98% 99% 98% 99% 99%
ResNet50 96% 99% 98% 98% 97% 99% 98%
EfficientNetB3 95% 98% 96% 98% 96% 98% 97%
DenseNet201 96% 99% 97% 98% 96% 98% 98%
Xception 97% 99% 98% 99% 97% 99% 98%
ConvNeXtSmall 0% 69% 0% 100% 0% 82% 69%
MobileNetv2 92% 98% 95% 96% 94% 97% 96%
Vol.5, No. 3s, 2025 7
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NASNetMobile 0% 69% 0% 100% 0% 82% 69%

5. Conclusion

This paper presents a segmentation-based liver lesion classification framework using the LiTS17 CT dataset. The
framework first preprocesses abdominal CT images, then performs liver and tumor segmentation, extracts lesion-
focused representations and finally classifies the lesion as benign or malignant. This paper benchmarked
preprocessing and architectures for liver and tumour segmentation on LiTS17 using one consistent data-
preparation pipeline. HU windowing combined with min-max normalization and CLAHE gave the best U-Net
generalisation, whereas z-score normalisation and median filtering reduced it. Of the eight architectures, DANet and
CFNet with Xception or ResNet50V2 backbones gave the most accurate and consistent segmentation (about 99.5%
Dice and 99% IoU, best 99.52% and 99.05% for CFNet with ResNet50V2 under the [-150, 250] HU window), the
traditional U-Net family reached Dice scores of 99.76-99.87% with IoU up to 95.65%, and DeepLab was not
competitive. For benign versus malignant lesion classification, pre-trained InceptionResNetV2 was best (99%
accuracy; 98% benign and 99% malignant F1-score), VGG16, ResNet50, Xception and DenseNet201 followed at 98%,
and ConvNeXtSmall and NASNetMobile collapsed to the majority malignant class (69%). Future work will study
further U-Net variants, compare loss functions for segmentation, add Gaussian and BM3D filtering
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