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Among the many forms of cancer, liver tumours are among the most dangerous. Liver 

neoplasms can be effectively predicted, identified, and managed with the help of computer-

aided technology and liver interventional surgery. Accurately understanding the 

morphological nature of the liver and its blood arteries is a crucial task. An essential part of 

medical analytic planning is the segmentation of liver tumours in CT scans. The enormous 

difficulty, however, lies in correctly identifying and segmenting the hepatic blood veins in 

CT scans. Finding and segmenting hepatic vessels manually in CT scans is an inconvenient 

and time-consuming process. In order to segment liver tumours, this study employs a variety 

of techniques to clean up the input images before feeding them into the STDCSL, an 

algorithm for short-term dense concat segmentation. Three parts make up the STDC-CT 

network: detail guidance, multi-scale contextual information, and small object attention 

extractor. Small affected area attention guides the merging of detailed and contextual 

information branches. This study proposes an improvement to the Barnacle Mating 

Optimizer (BMO), an evolutionary algorithm that takes its cues from nature, in order to fine-

tune the STD-CSL parameters. Levy flight is used to enforce and replace the sperm cast 

equation, which improves the exploration phase of the original BMO. Next, the enhanced 

BMO (IBMO) is teamed up with the suggested STDCSL. The technology proves to be 

reliable and applicable to automatic analysis of liver tumours in everyday clinical practice, 

proving its generalizability. The method's great accuracy in stroke detection further supports 

its potential use as a clinical tool for preoperative clinical planning. 
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I. INTRODUCTION 

Liver tumours pose a threat to people's lives and well-being globally; they are the second most deadly malignancy in terms of 

morbidity and death [1]. Liver tumour segmentation is the initial phase in the computer-aided diagnostic method for liver cancer, which 

is currently often employed in the diagnosis and treatment planning process using human abdominal computed tomography (CT) [2]. 

This process involves separating tumours from nearby organs and tissues in CT scans. While other imaging tests, including as 

ultrasonography and MRI, can aid in the diagnosis of cirrhosis, computed tomography (CT) is the gold standard [3]. A CT scan is a 

thorough kind of imaging because it produces detailed cross-sections of the abdomen.  

Problems with tumour and lesion homogeneity during CT scan segmentation have been reported [4]. Liver tumour segmentation 

is not a good fit for the outcome. Accordingly, improved photos are suggested for better accuracy. The CT scan finds the tumour by 

noticing a change in the intensity of the pixels in the liver [5]. Hypodense tissue refers to the area of the liver that appears darker in 

comparison to the surrounding tissues. Furthermore, it has been noted that traditional tumour segmentation methods are computationally 

intensive [6]. Given the circumstances, a clinical setting would be less than optimal. A CT scan of the liver will typically show more than 

150 slices, which is considered normal. Both the tumour and its surrounding areas exhibit low contrast and a great deal of form irregularity 

[7].  
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Computer Aided Design (CAD) technologies are currently the focus of global research efforts aimed at segmenting liver tumours 

from abdominal CT scans [8]. The current state of tumour segmentation is unreliable and ineffective due to its reliance on edge detectors. 

One of the techniques created for autonomous tumour segmentation using Deep Learning (DL) is the CNN [9]. CNNs remain a popular 

method among researchers for segmenting liver tumours. The diverse forms of liver tumours, along with low contrast and indistinct 

borders with nearby organs besides tissues, make tumour segmentation from liver CT images an arduous task, despite the attention of 

many scholars to this problem [10].  

It is difficult to segment the liver tumour due to the surrounding muscle and the blurring borders caused by the slight difference 

in grey scale contrast between the tumour and other organs (e.g., the heart, kidneys, etc.) [11]. The liver tumour segmentation job is further 

complicated by the fact that tumour size and position might fluctuate from person to person, and that tumours can span numerous CT 

slices with small variations between them [12]. Consequently, recent studies have shown that a combination of deep learning and 

techniques based on local information works well. Many intensity-based methods have been created for the purpose of segmenting 

tumours and livers from CT images by statistically analysing their intensities [13]. Level set based active contour techniques are one of 

these more independently deployable alternatives.  

In better match the liver tumor border in the test CT image, a level set contour - based technique is used to produce a coarse 

segmentation initial mask [14].The aforementioned models have shown promise in certain contexts, however input images with high 

resolution, complicated settings, and many small affected areas may not be suitable for their performance [15], [16]. It is also difficult to 

accomplish real-time, high-quality semantic segmentation due to the limited computing resources. Consequently, accomplishing real-time 

in semantic segmentation tasks while enhancing segmentation quality. The chief goal of this research is to mature a method for better 

liver tumour segmentation using input photographs. 

❖ The purpose of this research is to contemporaneous a framework for tumour segmentation using target CT scans.  

❖ The segmentation accuracy is enhanced by adjusting the parameters of the suggested model, which is integrated with the original 

Barnacle Mating Optimizer (BMO), which was enhanced by Levy Flight, in order to detect and divide up liver tumours. 

❖ The Tversky loss function is employed to address the issue of severely imbalanced foreground and background voxels. 

❖ Various metrics are used to conduct investigates on the publicly available LiTS dataset and the 3D-IRCADb01 dataset. 

The break of the paper is prearranged as shadows: Section 2 mentions the related works; Section 3 provides the proposed organization 

with its mathematical expression; Section 4 mentions the result analysis and Section 5 concludes the research contribution.  

II. RELATED WORKS 

Using a single framework that combines segmentation and uncertainty estimation [17] provide a new reliable multi-phase liver 

tumour segmentation method called TMPLITS. Clinicians could benefit from the trustworthy outcomes in making a dependable diagnosis. 

For the purpose of parameterizing the segmentation besides uncertainty using evidence following the Dirichlet distribution, Dempster-

Shafer Evidence Theory (DST) is specifically introduced. It is specifically defined how reliable the segmentation results are over multi-

phase CECT images. However, to ensure the efficacy of the fusion technique grounded in theoretical analysis, a multi-expert is suggested 

for merging the multi-phase evidences. When tested against state-of-the-art approaches, TMPLiTS proved to be the clear winner. At the 

same time, we have confirmed that TMPLiTS is resilient, so we know that it will reliably work even when faced with disturbances. For 

better picture segmentation and to make better use of image spatial data [18] suggests an improved network construction called ELTS-

Net that is based on the 3D U-Net model.  

This would solve the problems caused by traditional approaches and the 2D U-Net network configuration. ELTS-Net improves 

upon the first network by enhancing the convolutional kernel's receptive field with dilated convolutions. In addition, the original 

convolutional module is replaced by an attention residual module, which primarily functions as an encoder and decoder. This module 

includes an attention mechanism and residual connections. The network may now gather channel and spatial contextual information on a 

global scale thanks to this design. In addition, the decoder network has deep supervision modules at several levels to supplement 

intermediate-level feedback. In doing so, we optimise the segmentation findings by limiting the network weights to the target regions. 

Results on the LiTS2017 dataset demonstrate that, in comparison to the model, the model performs better on liver and tumour 

segmentation tasks. The model achieves an accuracy of 95.2% for liver segmentation and 71.9% for tumour segmentation, representing 

an improvement of 0.9% and 3.1%, correspondingly. 

The experimental consequences provide useful assistance for clinical diagnosis and therapy by validating ELTS-Net's superior 

segmentation performance compared to other comparator models.To overcome these obstacles [19] suggested SBCNet, a new model for 

dual-branch liver tumour segmentation. Better identification of tumour variability utilising an enhanced multi-scale adaptive kernel is 

made possible by our suggested method's contextual encoding module. In addition, the corresponding branch has a boundary enhancement 

module that uses contour learning in conjunction with the Sobel operator to improve boundary perception. Lastly, in order to further 

improve tumour segmentation, we suggest a hybrid multi-task loss function that takes into account both the size and boundary features 

of tumours at the same time. This will encourage interaction between the various tasks of the dual branches. With SBCNet producing 

competitive results when compared to other state-of-the-art algorithms for liver tumour segmentation, experimental validation using the 

publically accessible LiTS dataset proves the practical module. 

First of its kind [20] suggests a dual-stream multi-level fusion outline (DM-FF) for direct accurate segmentation of liver 

tumours from non-contrast multi-modality images. In order to efficiently extract multi-level feature maps that correspond to a predefined 

representation of each modality, our DM-FF first builds an attention-based encoder-decoder. Then, DM-FF builds two kinds of fusion 

modules: one that uses learned features to get a common representation images, which lets you take advantage of similarities and boost 

performance, and another that uses segment decision evidence to find differences between modalities, which helps you avoid interference 

caused by conflicts between modalities. With the help of these three parts, DM-FF can accurately segment multi-modality non-contrast 

images by letting them work together.  
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When compared to eight state-of-the-art segmentation architectures, DM-FF improves performance and achieves a Dice of 

81.20% in an evaluation on 250 patients using two MRI scanners and a variety of tumour types. According to the findings, our DM-FF 

greatly encourages the creation and use of non-contrast liver tumour imaging techniques. The attention connect network (AC-Net) was 

developed for automatic liver tumour segmentation and introduced by [21]. Our method, which is based on the U-shaped network 

construction, uses two crucial attention module (AAM) besides the vision transformer module (VTM)—to integrate spatial elements 

seamlessly, replacing conventional skip-connections. The VTM processes low-resolution feature maps using multihead self-attention and 

then reshapes the output into a feature map for later concatenation; the AAM computes axial attention across feature maps to enable 

feature fusion. In addition, we use a loss function that is exclusive to our method. We commence our procedure by pretraining AC-Net on 

the LiTS2017 dataset, and then we refine it with CT and MRI data obtained from Hubei Cancer Hospital.  

Measurements for AC-Net's performance on CT data are as follows: a recall of 0.92, a Jaccard coefficient (JC) of 0.82, an 

normal symmetric surface distance (ASSD) of 4.59, a accuracy of 0.89. Metrics for AC-Net on MRI data are as follows: DSC = 0.80, JC 

= 0.70, recall = 0.82, ASSD = 7.58, HD = 30.26, pinpoint = 0.84. For the purpose of liver image segmentation [22] propose using hyper 

tangent Fuzzy C-Means (HTFCM). It got segmentation results that were nearly identical to the ground truth liver images by calculating 

the data point distance from the cluster centres using hyper tangent distance. Unfortunately, the liver images are too fuzzy for any state-

of-the-art model to accurately pinpoint the tumours. However, the proposed model manages to do just that. This research shortened the 

processing time for early liver disease diagnosis, increased classification accuracy, and resolved the linear mapping problem using fuzzy 

logic. While classifying liver tumours, the suggested model improves accuracy to 99.58% and time by 2-25 s.In their ground-breaking 

AI-driven framework for liver tumour prediction [23] have brought together state-of-the-art methods to increase analytical depth and 

accuracy.  

Histological Genomic Feature Extraction (MIRSLiC) are both included into the framework, which allows for a detailed 

comprehension of molecular markers and precise tumour segmentation in medical imaging. Furthermore, a multidimensional feature 

extraction module integrates acoustics, clinical data, videomics, and radiomics to produce a complete dataset. All of these factors work 

together to form a cohesive model that can predict tumour features, subtypes, and prognosis with great precision. Reliability is emphasised 

through model review and continual improvement integrative technique breaks new ground in liver tumour prediction by giving doctors 

practical information for individualised treatment plans. The model is tested extensively on various datasets, and the results show that it 

is accurate and reliable. Our model demonstrates remarkable accuracy and resilience in tumour segmentation, with a recall rate of over 

92%, a precision of over 87%, and a Dice coefficient of over 0.89. Survival prediction accuracy in prognostic modelling routinely exceeds 

84%, demonstrating the model's capacity to offer useful insights into the future course of liver cancer. 

III. PROPOSED METHODOLOGY 

In this section, the brief elucidation of liver cancer segmentation is mentioned with its mathematical expression from CT scan 

images. Figure 1 mentions the workflow of the proposed model.  

 
Figure 1: Workflow of the Research Work. 

Source: Authors, (2026). 

III.1 DATASETS 

Popular datasets include 3DIRCADb, which is used to compare 3D picture reconstruction methods, and the LiTS2017 dataset, 

which is the official dataset given by the joint organising of MICCAI and ISBI competition for liver and liver tumour segmentation. 

Improvements in medical picture segmentation methods and a more fair evaluation of new approaches to liver tumour segmentation are 

the intended outcomes of these endeavours. Included in the LiTS2017 dataset are 201 CT images of humans. The official has annotated 

131 of the 201 CT images, while the remaining 70 are raw CT scans without any commentary. The 70 in question served as the 

competition's performance test dataset, which explains why. Tumour diameters varied from 38 to 349 cubic millimetres, while the number 

of tumours per patient varied from 0 to 75. The data varied somewhat in quality because it came from a wide variety of universities using 

different technology. These slice samples had a resolution between 0.55 and 1.0 mm, a range of 0.45 to 6.0 mm for the spacing between 

slices, and 42 to 1026 slices for the total number of slices. Figure 2 presents the sample image of LiTS2017. 
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Figure 2: Sample of LiTS2017 dataset. 

Source: Authors, (2026). 

Three datasets, 3DIRCADb-02 and 3DIRCADb-01 [24], make up the 3DIRCADb dataset. While there are no liver tumours in 

the 3DIRCADb-02 dataset, there are 75 percent of cases with liver tumours in the 3DIRCADb-01 dataset, with tumour numbers ranging 

from 1 to 46. With dimensions ranging from 16.3 to 24.9 cm, 12.0 to 18.6 cm, and 11.0 to 20.2 cm, respectively, and voxel sizes ranging 

from 0.56 to 0.87 cubic millimetres, 1.6 to 4.0 cubic millimetres, the image had a resolution of 512 × 512 pixels. Figure 3 presents the 

sample image of 3DIRADb dataset. 

 
Figure 3: Sample image of 3DIRADb dataset. 

Source: Authors, (2026). 

III.2 IMAGE PRE-PROCESSING 

Each slice was pre-processed as detailed in the following sections so that the liver could be differentiated from nearby organs. 

III.2.1 Hounsfield Windowing (HU) 

The Hounsfield unit (HU) is used in computed tomography (CT) scans to evaluate tissue density. The HU is specified as −1000 

for air, zero for water, and +1000 for bone. Table 1 shows that the HU values for many organs and fluids fall somewhere in the middle of 

this range. In a typical windowing operation, the CT component of the image, allowing the operator to focus on certain tissues of interest. 

You can change the image's brightness using the window level. Shifts the focus by adjusting the width of the window. 

 

𝐻𝑈 = 1000 ×
𝜇𝑡𝑖𝑠𝑠𝑢𝑒−𝜇𝐻2𝑂

𝜇𝐻2𝑂
                                                                                   (1) 
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By assigning a grayscale intensity to each value, the HU value is determined for each pixel; pixels with higher values are 

considered brighter. Navigate the DICOM slides using Hounsfield Windowing and adjust the range to [−100, 400] [−100, 400] [25]. 

Table 1: Hounsfield unit standards define for body organ. 

Value for Body Organ HU  

1000 Bone  

40 to 60 Liver  

46 White Matter 

43 Grey Matter  

40 Blood  

10 to 40 Muscle  

30 Kidney  

15 Cerebrospinal  

0 Water  

−50 to −100 Fat  

−1000 Air  

Source: Authors, (2026). 

The liver can be better seen by applying HU windowing at each slice, with a HU range of −100 to 400 chosen. Although the 

image and organs got, it is evident that most organs are obstructed in CT image slices without the procedure. Hence, all slices undergo 

this HU windowing before being passed on to the subsequent phase. 

III.2.2 Histogram Equalization 

The liver and its surrounding tissues were not easily distinguishable, even though HU windowing allows for excellent organ 

visualisation. The resultant picture was normalised within the range of [0, 1] after applying histogram equalisation following window 

processing. 

III.3 DATA AUGMENTATION 

Every scan in the datasets under consideration has its unique tumour mask that denotes the tumor's and liver's precise position. 

Nevertheless, deep learning training cannot be conducted with the number of tumor-containing slices. So, the combined slice and its mask 

were subjected to data augmentation techniques like reflection, flipping, and rotation. To put it simply, data augmentation will boost 

network accuracy by increasing picture spatial variation [26]. The two methods of data enhancement that were employed are these: 

III.3.1 Reflection 

One way to increase the amount of data used to train a network is through reflection, which involves flipping the image along 

the x or y axis. The computational expense can be reduced by reflecting the liver pictures with their tumour masks. 

III.3.2 Rotation 

As a data augmentation technique, rotation entails turning the image to a new degree, effectively creating a new image. The 

photos of the liver and its masks are rotated by 90 degrees here. 

III.4 IMAGE NORMALIZATION 

A method for lowering inter-patient of picture intensities in a dataset is image intensity normalisation [27]. It will also lead to 

better segmentation results and make patient images more comparable. Hence, intensity normalisation is applied to liver CT scan results. 

III.5 SEGMENTATION USING SHORT-TERM DENSE CONCAT SEGMENTATION LAYER (STDCSL) 

Based on the STDC module's layout illustrated by the BiSeNet [28] model, the study effort suggests a new STDC backbone 

network. With the goal of improving real-time semantic segmentation performance, a new Detail Guidance Unit has been developed to 

supersede the original Spatial Path branch of BiSeNet. This module keeps low-level detail features while lowering the computational cost 

of the network. Nevertheless, there are still certain limitations to this network when it comes to segmenting small affected areas. For tiny 

impacted area segmentation tasks in particular, the detail information that the FFM module loses when it gradually reduces the maps 

could be beneficial. Additionally, the accuracy of tiny impacted area segmentation may be compromised due to the Detail Guidance 

Module in the STDC-Seg network primarily concentrating on low-level feature layers, potentially ignoring certain detail information in 

higher-level feature layers. So, here we present the STDC-CSL network, a new approach to small-scale segmentation that promises to be 

both accurate and fast. 

III.5.1 Small Object Attention Extractor for STDC 

So that the STDC backbone network could extract more useful features for minor recognition, we built (SOAE) module. From 

Stage 3 through Stage 5, we used convolutional layers with varying resolutions to extract various features from the input data. Different 

convolutional layers capture features at different scales by operating at varying resolutions. Then, to get a fuller picture, we combined the 

most useful features using an attention mechanism that picked them out automatically. 
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In particular, we set maps 𝐹𝑖(𝑖 =  1, 2, 3) produced by Stages 3 to 5 as 𝑇𝑡(𝑡 =  1, 2, 3), as seen in Figure 4. Afterwards, a 1 × 1 

convolutional layer with a size decreased to 1 was used to pass the template layer T^t. Afterwards, a fully connected to construct the 

maximum map, which entails capturing the most significant feature pixels and mapping them to vectors for computation. 

 

𝑆𝑡
𝑖 = 𝑆𝑖𝑚𝑖𝑙𝑎𝑟𝑖𝑡𝑦(𝑇𝑡 , 𝑇𝑖) =

𝑇𝑡×𝑇𝑖

‖𝑇𝑡‖×‖𝑇𝑖‖
=

∑ 𝑇𝑡𝑗×𝑇𝑖𝑗𝑛
𝑗=1

√∑ 𝑇𝑡𝑗𝑛
𝑗=1 ×√∑ 𝑇𝑖𝑗𝑛

𝑗=1

                                                       (2) 

 

Where 𝑆𝑡
𝑖 represents the cosine similarity among the template layer 𝑇𝑖 and 𝑇𝑡. 𝑇𝑡𝑗 and 𝑇𝑖𝑗 signify the corresponding to  𝑇𝑡  and 

𝑇𝑖, respectively. For instance, when 𝑇1 serves as the template, values 𝑆1
2 between 𝑇2 and 𝑇1, and 𝑆1

3 between 𝑇3 and 𝑇1, indicate the 

attention levels of 𝑇2 and 𝑇3 toward 𝑇1, respectively, while 𝑆1
1 = 1. Likewise, when 𝑇2 serves as the pattern, the cosine resemblance 

values 𝑆1
2 between 𝑇1 and 𝑇2, and 𝑆2

3 between 𝑇3 and 𝑇2, designate levels of 𝑇1 and 𝑇3 toward 𝑇2, respectively, while 𝑆2
2 =  1. To 

evaluate the attention weights 𝑎𝑡
𝑖 , we input {𝑆𝑡

1, 𝑆𝑡
2, 𝑆𝑡

3} into weight values: 

 

𝑎𝑡
𝑖 =

𝑒𝑥𝑝(𝑆𝑡
𝑖)

∑ 𝑒𝑥𝑝(𝑆𝑡
𝑖)3

𝑖=1

                                                                                          (3) 

 

 
Figure 4: The small area attention extractor module. 

Source: Authors, (2026). 

The feature map sizes 𝐹1 must remain constant after acquiring the attention weights, matching that of 𝐹1; thus, we unsampled 𝐹2 

and 𝐹3  by 2× and 4×, correspondingly, and the number of channels of 𝐹1, 𝐹2, and 𝐹3  were 256, 512 and 1024 respectively. To acquire 

the attention feature, we first added the weighted levels one by one, and then attuned the sum of channels using a 1 ×  1 convolution. 

 

𝐴𝑡 = ∑ 𝑎𝑡
𝑖 × 𝐹𝑖

3
𝑖=1                                                                                           (4) 

 

Where 𝐴𝑡 signifies the attention feature gotten finished the network with 𝑇t as the template layer. 

III.5.2 Laplacian of Gaussian for Detail Guidance Unit 

The STD-CSL network used the Laplacian convolution approach to extract precise features of picture edges. Due to its high 

quality, the Laplacian operator has seen extensive application in edge detection applications. In order to identify noticeable changes in 

pixel intensity, edge detection frequently employs the Laplacian operator. Consequently, the Laplacian operator might incorrectly boost 

the edges of tiny objects as noise. The Laplacian operator is very sensitive to noise, which is not surprising given that it can appear 

anywhere in a picture. Pixels around small objects can be subject to a high reaction from noise when the operator is applied, resulting in 

the noise signal overshadowing the margins of the objects. Thus, edge detection could incorrectly eliminate tiny objects' edges since they 

are thought of as noise. 
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We use the Laplacian convolution approach in the Detail Guidance Module to fix these shortcomings while keeping the Laplacian 

operator's superior edge extraction capability. The LoG convolution method differs from the Laplacian convolution method in that it 

employs Gaussian filtering to minimise noise and blur high-frequency features before convolution. Reducing the impact of noise is 

achieved by creating space between the edges of tiny objects and the noise. In addition, the gradient variations near the margins of the 

image are diminished by using Gaussian filtering. Edge gradient fluctuations are quite sensitive to the Laplacian operator, and noise, 

which usually contains a high-frequency component, is also very sensitive to this operator. 

As a result, small object edges can be more easily detected with the use of Gaussian filtering, which reduces noise interference 

by lowering changes in edge gradients. By applying a Gaussian filter and Laplacian convolution on the images, we can reduce the 

influence of noise while maintaining the Detail Guidance Module's exceptional edge extraction performance. The precision of edge detail 

extraction can be enhanced using this approach. Utilising the operation—which involves merging the Gaussian function and the Laplacian 

operator into a single kernel—allows us to decrease computing overhead. This means the picture just needs one convolution process. Here 

is the procedure for merging methods: 

There is the Gaussian equation: 

 

𝑔𝑎𝑢𝑠𝑠(𝑥, 𝑦, 𝜎) =
1

2𝜋𝜎2 𝑒𝑥𝑝 (−
𝑥2+𝑦2

2𝜎2 )                                                                       (5) 

 

The two-dimensional Gaussian function is transformed using the Laplacian operator.: 

 

∇2(𝑔𝑎𝑢𝑠𝑠(𝑥, 𝑦, 𝜎)) =
∇2(𝑔𝑎𝑢𝑠𝑠(𝑥,𝑦,𝜎))

𝜕2𝑥
+

∇2(𝑔𝑎𝑢𝑠𝑠(𝑥,𝑦,𝜎))

𝜕2𝑦

=
1

2𝜋𝜎2

𝜕(−
𝑥

𝜎2𝑒𝑥𝑝(−
𝑥2+𝑦2

2𝜕2 ))

𝜕𝑥
+

1

2𝜋𝜎2

𝜕(−
𝑦

𝜎2𝑒𝑥𝑝(−
𝑥2+𝑦2

2𝜕2 ))

𝜕𝑥

=
1

2𝜋𝜎4 (
𝑥2

𝜎2 − 1) 𝑒𝑥𝑝 (−
𝑥2+𝑦2

2𝜎2 ) +
1

2𝜋𝜎4 (
𝑦2

𝜎2 − 1)  𝑒𝑥𝑝 (−
𝑥2+𝑦2

2𝜎2 )

=
1

2𝜋𝜎4 (
𝑥2+𝑦2

𝜎2 − 2) 𝑒𝑥𝑝 (−
𝑥2+𝑦2

2𝜎2 )

                                                 (6) 

 

where x and y designate the copy pixel organizes, ∇2(𝑔𝑎𝑢𝑠𝑠(𝑥, 𝑦, 𝜎)) signifies the LoG operator. 

III.5.3 PAPPM for Capturing Contextual Information 

Researches suggested a method called parallel aggregation pyramid pooling unit (PAPPM) [29] to improve the neural network's 

efficiency in capturing multi-scale contextual information. In order to extract pooling maps at various scales, the PAPPM module is 

divided into four parallel branches. Each branch uses a different pooling kernel size. Concatenating these traits allows for the effective 

acquisition of contextual information at several scales. The module minimises processing cost without sacrificing accuracy by utilising 

parallel computation to speed up the inference process. In Figure 5, we can see the PAPPM module connected to the STDC network.  

 
Figure 5: The PAPPM network architecture. 

Source: Authors, (2026). 
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III.5.4 The Part and Context Feature Fusion Unit 

The context branch of the STDCSL network is a treasure trove of semantic information that can improve the network's semantic 

representations. The continual downsampling process, however, causes it to lose a great deal of geometric and spatial information. While 

designing the SOAE module, we used its small object attention characteristics to guide the detail info, ensuring that the STDCSL network 

had a good mix of detail and contextual data. Reason being, STDCSL network accuracy in small object segmentation from input images 

was one of the primary goals while it was being designed. Hence, we align the merger of detail and contextual information with the small 

object attention branch, which we trust greatly, besides use it as variable. In the suggested method, the attention feature is initially 

normalised by passing it through a sigmoid layer, which yields the weight value w. Here, w represents the detail features' weight parameter 

and 1 − w stands for the contextual information's weight parameter. After that, feature fusion is done by multiplying the detail features 

and contextual info by their respective weight values, and then adding the results. The last step in obtaining Fout is to run the features 

through a CONV-BN-ReLU. Figure 6 shows the method's detailed structure. 

 
Figure 6: Detail and context feature fusion module. 

Source: Authors, (2026). 

The a, c, and d branches stand for the little attention, context, and detail aggregation module branches, respectively. You may 

see the outcomes of these branches as pixel vectors labelled with the symbols 𝑝𝑎, 𝑝𝑐 and 𝑝𝑑, correspondingly. The demonstrations of w 

and Fout can be written as shadows: 

𝜔 = 𝑆𝑖𝑔𝑚𝑜𝑖𝑑(𝑝𝑎)                                                                                         (7) 

 

𝐹𝑜𝑢𝑡 = 𝐶𝑜𝑛𝑣𝑋((1 − 𝜔)⨂𝑝𝑐 + 𝜔⨂𝑝𝑑)                                                                         (8) 

 

Where the layers for convolution, batch normalisation, and ReLU activation make up ConvX. The model's training gives more 

weight to the detail characteristics when w > 0.5, and more weight to the contextual information when w < 0.5. 

III.5.5 Softmax and Loss Calculation 

After every layer except the bottom one's feature maps have been decreased in dimension, a Softmax layer processes them. After 

that, labels with a corresponding resolution are obtained by trilinear interpolation downsampling, and the loss for each map is computed 

against them. Multiple network paths can now independently calculate losses and update weights thanks to this design. This is the total 

loss function, as understood in Equation (9). 

𝐿𝑡𝑜𝑡𝑎𝑙 = 𝐿𝑎𝑙𝑙 + ∑ 𝐿𝑑
3
𝑑=1                                                                                     (9) 

 

In the formula: 𝐿𝑎𝑙𝑙  is the loss fusion; 𝐿𝑑 is for the dth layer. Due to the fact that hepatic vascular segmentation becomes a multi-

task learning process under multi-resolution deep supervision, and each path's parameter update is equally significant, the loss weights of 

the many supervised equal. Output Prediction: Finally, the last feature map is sent into the Softmax layer to get the segmentation 

prediction. By considering the hierarchical structure of the feature maps and the varied resolutions, this multi-resolution depth supervision 

method computes the total loss function in a more sophisticated and efficient manner. The parameters of many supervised pathways are 

initially set at random since each path has its own target. So that the network doesn't get stuck in a rut, each training path improves the 

network's semantic expression, and the parameters are changed separately without affecting each other. This network has the ability to 

segment tiny hepatic vessels because it can context info for fusing feature maps of prediction outcomes. To illustrate the disparity between 

the classes, this research makes use of the Tversky loss function. Equation (10) shows how it is defined by Tversky. 

 

𝐿𝑇(𝑃, 𝐺, 𝑎, 𝛽) =
|𝑃⋂𝐺|

|𝑃⋂𝐺|+𝑎|𝑃−𝐺|+𝛽|𝐺−𝑃|
                                                                         (10) 

In the formula: P is the forecast label; G is the footnote label; |P ∩G| is the entire sum of that are truthfully secret; |P − G| 

characterizes the sum of false positives that are voxels; |G − P| is the entire that voxels; |P − G| + |G − P| signifies the sum of all voxels 

that were incorrectly categorised. A part of it involves controlling the trade-off among changing α and β. Equation (11) defines the Tversky 

loss function: 

𝑇(𝑎, 𝛽) =
∑ 𝑝0𝑖𝑔0𝑖

𝑁
𝑖=1

∑ 𝑝0𝑖𝑔0𝑖+𝑎 ∑ 𝑝0𝑖𝑔1𝑖+𝛽 ∑ 𝑝1𝑖𝑔1𝑖
𝑁
𝑖=1

𝑁
𝑖=1

𝑁
𝑖=1

                                                                (11) 
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In the formula: in the Softmax layer's output, 〖p0〗_i denotes the voxel i is a foreground voxel, 〖p1〗_i denotes the likelihood 

that voxel i is a background (non-liver blood vessel) voxel, and 〖g0』_i and 〖g1』_i represent, respectively, the fore- ground in the 

label. A prime number whose value is either 1 or 0, denoted by its label. One may find the loss gradient in relation to p0i and p1i in the 

given equation using Equations (12) and (13), respectively: 

 

𝑑𝑇

𝑑𝑝0𝑖
= 2

𝑔0𝑗(∑ 𝑝0𝑖𝑔0𝑖
𝑁
𝑖=1 +𝑎 ∑ 𝑝0𝑖𝑔1𝑖+𝛽 ∑ 𝑝1𝑖𝑔0𝑖

𝑁
𝑖=1

𝑁
𝑖=1 )

(∑ 𝑝0𝑖𝑔0𝑖
𝑁
𝑖=1 +𝑎 ∑ 𝑝0𝑖𝑔1𝑖+𝛽 ∑ 𝑝1𝑖𝑔0𝑖

𝑁
𝑖=1

𝑁
𝑖=1 )

2 −
(𝑔0𝑗+𝑎𝑔1𝑗) ∑ 𝑝0𝑖𝑔0𝑖

𝑁
𝑖=1

(∑ 𝑝0𝑖𝑔0𝑖
𝑁
𝑖=1 +𝑎 ∑ 𝑝0𝑖𝑔1𝑖+𝛽 ∑ 𝑝1𝑖𝑔0𝑖

𝑁
𝑖=1

𝑁
𝑖=1 )

2                                    (12) 

 

𝑑𝑇

𝑑𝑝1𝑖
=

−𝛽𝑔1𝑗 ∑ 𝑝0𝑖𝑔0𝑖
𝑁
𝑖=1

(∑ 𝑝0𝑖𝑔0𝑖
𝑁
𝑖=1 +𝑎 ∑ 𝑝0𝑖𝑔1𝑖+𝛽 ∑ 𝑝1𝑖𝑔0𝑖

𝑁
𝑖=1

𝑁
𝑖=1 )

2                                                              (13) 

 

Training weight balancing is unnecessary for the Tversky loss function. It is possible to regulate the trade-off adjusting the 

hyperparameters α and }. Experiments confirm that the effect is optimal and accuracy is optimum when α = 0.3 and β = 0.7. 

III.5.6 The Process of Post-Processing 

To recover the presentation of the network model, the hepatic vessels predicted by the model are further processed in the post-

processing stage. At this stage, it is necessary to determine every linked domain. We established an empirical criterion to differentiate 

between noise and real hepatic vessels: linked zones smaller than 180 mm3 are regarded as noise. In light of the fact that a lower threshold 

could retain too much noise and a higher one could eliminate huge detached vessels, this is a well-balanced option based on our experience. 

In this context, "disconnected blood vessels" mean breaks in vascular continuity seen in imaging. These breaks could be caused by 

physical or pathological alterations to the vessels, algorithmic flaws in image processing or segmentation, or just plain old limitations in 

the quality of the imaging itself. Misclassification in segmentation can be mitigated by including a post-processing phase that decreases 

improper noise removal. 

III.5.7 Fine-Tuning Of The Model Using Improved Barnacle Mating Optimizer 

A bio-inspired procedure called the Barnacles Mating Optimizer (BMO) was projected in [30] and is based on the mating 

behaviour of barnacles. During mating, barnacles use a sperm-casting strategy in addition to the standard copulation method. Normal 

copulation in BMO is viewed as an exploitative activity based on the Hardy-Weinberg principle's idea, in contrast to the exploratory 

approach exemplified by the sperm cast. The next section will discuss how the exploration phase is where the original BMO gets 

improved. 

A) Initialization 

The barnacle population, which can be expressed as follows, is the contender for initialization in solution X: 

 

𝑋 = [
𝑥1

1 ⋯ 𝑥1
𝑁

⋮ ⋱ ⋮
𝑥𝑛

1 ⋯ 𝑥𝑛
𝑁

]                                                                                          (14) 

 

Each population is assessed, and the optimal solution is ranked according to its performance, where n is the overall populace 

size and N is the sum of control variables to be optimised. 

B) The procedure of selection for parents to be mated 

The length of penis, or pl, is a pre-determined measure that is used to pick two parents of barnacles. All of the assumptions made 

in [30] will be used in this paper. 

C). Barnacles’ off-spring reproduction procedure 

Here are several idioms that describe the process of BMO reproduction: 

 

𝑥𝑖
𝑁_𝑛𝑒𝑤 = 𝑝𝑥𝑏𝑎𝑟𝑛𝑎𝑐𝑙𝑒_𝑑

𝑁 + 𝑞𝑥𝑏𝑎𝑟𝑛𝑎𝑐𝑙𝑒_𝑚
𝑁                                                                        (15) 

 

𝑥𝑖
𝑁_𝑛𝑒𝑤 = 𝑟𝑎𝑛𝑑() × 𝑥𝑏𝑎𝑟𝑛𝑎𝑐𝑙𝑒_𝑚

𝑁                                                                              (16) 

 

𝑥𝑏𝑎𝑟𝑛𝑎𝑐𝑙𝑒_𝑑
𝑁  and 𝑥𝑏𝑎𝑟𝑛𝑎𝑐𝑙𝑒_𝑚

𝑁  where q = 1 - p is the random variable representing the parents of barnacles, and where p is a normally 

distributed integer. The basic random integer [0-1] is used in this algorithm as rand(). 

D). Implementation of Levy flights 

When it comes to determining BMO's exploration and exploitation procedures, the pl value is paramount. The use of basic 

random numbers to produce new generations is viewed as an exploratory procedure, as can be seen from Equation (17). The following 

expression is substituted for Equation (17) to enhance the exploration process in this work.: 

 

𝑥𝑖
𝑁_𝑛𝑒𝑤 = 𝑥𝑏𝑎𝑟𝑛𝑎𝑐𝑙𝑒_𝑚

𝑁 + 𝐿𝑒𝑣𝑦(𝑁)                                                                             (17) 

Where Levy flight is strong-minded as shadows: 
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𝐿𝑒𝑣𝑦(𝑁) = 0.01 ×
𝑟1×𝜎

|𝑟2|
1
𝛽

                                                                                     (18) 

 

β is a continuous set to 1.5, 𝑟1 and 𝑟2 are accidental statistics [0-1], besides the equation is as shadows: 

 

𝜎 = (
𝜏(1+𝛽)×𝑠𝑖𝑛(

𝜋𝛽

2
)

𝜏(
1+𝛽

2
)×𝛽×2

(
𝛽−1

2 )
)

1

𝛽

                                                                                     (19) 

where 𝜏(𝑦) = (𝑦 − 1)! 

The first step in the IBMO process flow is to establish an X population and begin producing new offspring. The next step is to 

assess the new generation before combining them with the parents. Prioritising the best answer at the moment is achieved by sorting the 

population. The following iteration is supposed to delete the lowest half of the populace and evaluate only half of the top populace, which 

is a mixture of parents and children. 

Finding the optimal set of variables that yields the lowest objective evaluation is the goal of the IBMO Algorithm. Keeping to 

all restrictions while minimising forecast mistakes is the goal of this work. A number of initial parameters are defined, including pl, total 

populace, and maximum details, like the test system data and the seeking area boundaries, are determined. The data of the chosen test 

system is then temporarily saved with each population's control variables. There can be no more than fifty iterations. The results indicated 

in Table 2 can also be achieved with this population size. 

Table 2: Property setting of proposed algorithm. 

Values Property 

50 Populace size 

50 Maximum Iteration 

1 Lower-bound 

1000 Upper-bound 

Source: Authors, (2026). 

IV. RESULTS AND DISCUSSION 

Our development environment for training and testing the proposed model includes python 3.9.1, an i7 processor running at 2.25 

GHz with 16 cores, and Ubuntu versions 20.04 LTC and 18.04 LTS. Adam optimizer updates the network weight during training using a 

learning rate of 0.0001 besides a minibatch size of 16. The ResU-Net is trained using the TensorFlow and Keras deep learning libraries 

on top of the 𝑁𝑉𝐼𝐷𝐼𝐴 𝑇𝑒𝑠𝑙𝑎 𝑇4 𝐺𝑃𝑈 Colab, which is powered by Google. Over both simulated and real-world photos, the suggested 

strategy was evaluated and found to be effective. 

IV.1 EVALUATION METRICS 

Our research involves a careful extraction of blood vessel labels from this dataset in order to conduct an extensive experimental 

investigation. By utilising these datasets, we can guarantee that our research is in line with present norms and does in medical picture 

segmentation, and we also provide a strong foundation for our experimental processes. In this study, we used a cross-validation strategy 

to assess the method's presentation. Each round of validation utilised one subset of the datasets as the test set and the residual subsets as 

the training set. The datasets were separated into k subsets in total. 

The procedure was carried out k times, with set precisely once. In this article, we employ voxel segmentation overall 

segmentation accuracy assessment's coincidence rate (Dice) as evaluation markers. The Dice measure of the overlap of two pictures; its 

value ranges from 0 to 1, and it indicates the rate of coincidence between the radiologist's drawn blood vessel and the blood vessel 

segmented in this study. Greater accuracy in segmentation is achieved by increasing the value of Dice, which aims to maximise the overlap 

between the segmented vessels and the radiologist's delineation of the hepatic vessels. From equation (20) to equation (23), we have the 

following definitions of dice, accuracy, sensitivity, and specificity: 

 

𝐷𝑖𝑐𝑒 =
2𝑇𝑃

2𝑇𝑃+𝐹𝑃+𝐹𝑁
                                                                                        (20) 

 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁
                                                                                 (21) 

 

𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 =
𝑇𝑃

𝑇𝑃+𝐹𝑁
                                                                                     (22) 

 

𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦 =
𝑇𝑁

𝑇𝑁+𝐹𝑃
                                                                                    (23) 

 

Some examples of these metrics are TP, which indicates the number of appropriately segmented blood vessel voxels; TN, which 

indicates the number of correctly voxels; besides FP, which indicates the number of wrongly segmented blood vessel voxels. FN is the 

total sum of voxels that have been mistakenly segmented as background, also known as false negatives. 
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IV.2 VALIDATION ANALYSIS OF PROPOSED SEGMENTATION ON FIRST DATASET. 

Figure 7 demonstrations the comparative analysis of projected perfect with existing procedures such as TMPLiTS [17], ELTS-

Net [18], DM-FF [20], AC-Net [21] and HTFCM [22], where the existing models uses different datasets and therefore, the study 

implements the basic models and results are averaged on first dataset.  

 
Figure 7: Graphical Comparison of projected with existing techniques on First dataset. 

Source: Authors, (2026). 

In the study of projected with existing techniques on First dataset of Proposed STDCSL scheme attained the accuracy as 97.0 

and sensitivity of 94.0 also a dice score as 98.0 98.0 correspondingly. Then the TMPLiTS [17] scheme attained the accuracy as 95.3 and 

sensitivity of 93, also a dice score as 97.5 also a dice score as 97.2 correspondingly. Then the ELTS-Net [18] scheme attained the 

accuracy as 94.1 also a dice score as 91.1 and sensitivity of 95.7 also specificity as 96.1 correspondingly. Then the DM-FF [20] 

scheme attained the accuracy as 92.4 and sensitivity of 89.4 96.4 also specificity as 95.1 correspondingly. Then the AC-Net [21] 

scheme attained the accuracy as 92.4 and sensitivity of 88.6 also a dice score as 92.3 also specificity as 93.4 correspondingly. Then the 

HTFCM [22] scheme attained the accuracy as 91.7 and sensitivity of 87.2 also a dice score as 90.5 also specificity as 94.4 

correspondingly.  

IV.3 VALIDATION ANALYSIS OF PROPOSED SEGMENTATION ON SECOND DATASET 

By using second dataset, the validation study of the projected is compared with existing procedures in terms of numerous metrics 

and it is shown in Figure 8.  

 
Figure 8: Visual Representation of different models. 

Source: Authors, (2026). 

In the experimental analysis of STDCSL scheme attained the accuracy as 0.95 also a dice score as 0.91 and sensitivity of 0.93 

and sensitivity of 0.96 correspondingly. Then the TMPLiTS [17] scheme attained the accuracy as 0.92 also a dice score as 0.90 and 

sensitivity of 0.92 and sensitivity of 0.95 correspondingly. Then the ELTS-Net [18] scheme attained the accuracy as 0.90 also a dice score 

as 0.89 also a dice score as 0.91 and sensitivity of 0.94 correspondingly. Then the DM-FF [20] scheme attained the accuracy as 0.91 also 

a dice score as 0.88 also a dice score as 0.90 and sensitivity of 0.93 correspondingly. Then the AC-Net [21] scheme attained the accuracy 
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as 0.93 also a dice score as 0.87 also a dice score as 0.89 and sensitivity of 0.92 correspondingly. Then the HTFCM [22] scheme attained 

the accuracy as 0.94 0.90 also a dice score as 0.88 and sensitivity of 0.91 correspondingly.  

IV.4 VALIDATION ANALYSIS OF FINE-TUNER OPTIMIZATION ALGORITHM  

To test the presentation of the projected fine-tuner classical, Figure 9 provides the graphical description with existing procedures. 

 
Figure 9: Graphical Description of the different models. 

Source: Authors, (2026). 

In the analysis of Adam scheme attained the accuracy as 0.84 and dice value of 0.82 also specificity as 0.78 and sensitivity of 

0.89 correspondingly. Then the BMO scheme accomplished the accuracy as 0.90 also specificity as 0.89 also specificity as 0.84 and 

sensitivity of 0.92 correspondingly. Then the Projected IBMO scheme attained the accuracy as 0.95 also specificity as 0.91 also specificity 

as 0.89 and sensitivity of 0.93 correspondingly. Improved algorithms can potentially detect tumors at earlier stages, increasing the chances 

of successful treatment and better patient outcomes. More accurate imaging helps in creating personalized treatment plans that are tailored 

to the specific anatomy and condition of the patient. 

V. CONCLUSION 

Based on the STDC net, the study suggests the STDCSL model for semantic liver segmentation, which can adapt to the features 

of input photos. One benefit of this approach is that it can enhance segmentation minor impacted areas without producing a lot of 

unnecessary subtractions. Results from numerous trials and visualisations show that the STDCSL network is effective. A publicly 

available dataset of hepatic arteries has been used to demonstrate the efficacy of the strategy suggested in this study. Our suggested 

network model performs better than competing models in the mainstream. Segmenting the intricate hepatic blood veins from CT scans is 

a breeze with the suggested network model. More clinically relevant segmentation is the end consequence. Our present method has its 

drawbacks, such as being too dependent on diverse and high-quality training data, lacking confirmation of its generalizability on a larger 

scale, and lacking performance improvements.  

To discourse these issues, our future research will focus on three main areas. Our primary objective is to explore the possibility 

of using synthetic tumours to train classifier models, as the expense of annotating images actual liver tumours is quite significant. This 

method is attractive for clinical use because it has the potential to significantly cut deployment costs while simultaneously improving 

efficiency. Owing to the enormous impact of analytic patient, the vital importance of understandable AI (XAI) representations in medical 

areas, especially in medical image processing, will be emphasised secondly. Thirdly, we intend to improve model presentation by 

combining conventional and neural approaches; specifically, we will investigate transformer-based models for automated liver tumour 

picture segmentation. 
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