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Liver segmentation is crucial for medical imaging in order to detect and treat liver-related 

disorders. Deep learning algorithms have been used to increase the automation and precision of 

segmentation. CNNs, such as transformer-based models, generative adversarial networks 

(GANs), and U-Net variants, have demonstrated notable performance improvements among 

these. Nonetheless, challenges such as interpretability, ethical constraints, and clinical 

application remain significant. Explainable AI (XAI) has arisen as a groundbreaking resource 

that provides clarity into model decision-making processes, thus improving clinician confidence 

and ensuring safe use in medical settings. XAI connects the divide between cutting-edge research 

and practical clinical application by tackling challenges like training data biases, patient 

confidentiality, and responsibility. By deployment of interpretable models, AI-assisted liver 

segmentation becomes ethical and trustworthy while allowing for real-time segmentation and 

personalized treatment. 
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INTRODUCTION 

Accurate liver segmentation is important for proper diagnosis and effective liver disease management. Liver 

segmentation is an important step in many clinical applications, including surgical planning, biopsy guidance, tumor 

development assessment, and liver-related disease diagnosis. Traditionally, a radiologist has segmented the liver 

manually. This manual method requires a lot of time and labor and is variable depending on the radiologist's 

experience level. Manual segmentation of the liver poses considerable challenges because of the organ's complicated 

geometry, low contrast in imaging modalities such as CT and MRI, and blurring with neighboring organs. To ensure 

accuracy, consistency, and efficiency in liver segmentation activities, automated techniques have been developed in 

response to these limitations. 

 In recent years, deep learning has revolutionized the analysis of medical images by offering unparalleled 

performance in tasks such as segmentation, classification, and detection [9]. Generic adversarial networks (GANs), 

transformer-based designs, U-Net versions, and convolutional neural networks (CNNs) are among the models that 

have demonstrated significant promise in automating liver segmentation with all such architectures had their 

peculiar advantages-from U-Net's encoder-decoder structure, which is particularly good at obtaining detailed 

information, to transformer-based models that exploit global context for superior segmentation output[16]. 

However, several issues remain in the way before any deep learning model is used in a therapeutic context. 

Understanding of these models is one of those major issues, they are often called "black boxes" [10]. In healthcare 

settings where decisions might impact a patient's life, physicians must feel trust and understanding in the way AI 

predictions come about. This need for openness gave rise to Explainable AI (XAI). XAI focuses on developing 

techniques that provide succinct, intelligible explanations of the model's outputs in order to assist doctors in 

understanding the logic behind a model's results. 
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XAI plays a crucial role in liver segmentation, helping to close the gap between state-of-the-art AI technology and its 

practical healthcare applications [11]. With the use of tools like saliency maps, attention processes, and feature 

importance visualizations, XAI pinpoints the exact areas of an image that had an impact on a model's prediction. This 

interpretability is crucial for building trust with physicians and identifying any biases, errors, or limitations in the 

model. Furthermore, the development and use of AI systems in the medical industry are increasingly influenced by 

ethical considerations. Issues like patient privacy, accountability, and biases in training data must be addressed in 

order to ensure the equitable and responsible application of AI technology. XAI contributes significantly to this effort 

by making models more transparent and enabling stakeholders to assess their dependability, fairness, and ethical 

consequences.  

LITERATURE REVIEW 

The U-Net model introduced in 2015[1], largely popular for medical image segmentation, has two parts-the encoder 

which extracts significant features from the image and the decoder which reconstructs the image and produces a clear 

segmentation map. Skip connections help retain critical details.  

One study [2] explored some deep learning models such as U-Net and GAN for liver segmentation. U-Net has a design 

intended for the informative capture of detailed information; GANs improve segmentation through trusted 

interactions of pairs of networks. These models do fine for the most part but are still dogged by issues such as bias 

and lack of transparency. The study recommends incorporating Explainable AI (XAI) to foster trust in medical 

applications.  

This study [3] analyzed transformer-based models. These use attention mechanisms whenever an image is examined. 

Compared to older methods, considerably stronger results can be achieved via the transformer structures, but they 

are rather burning on computing power. The authors have suggested some XAI tools-for example, attention maps-so 

that doctors can understand these models more readily.  

Researchers have worked on explainable AI (XAI) to clarify AI predictions [4]. Grad-CAM, saliency maps, SHAP, and 

others might show sections of the image that influenced the AI decision, which could help doctors to trust them. 

Nevertheless, generalizing methods and avoiding trivialization of the explanations remains a challenge.  

A study had recommended [5] these techniques, including flipping, rotation, and scaling-wave images, as a means to 

enhance AI performance. Such tricks help the model learn better when the data is scanty. For this technique, U-Net 

models have achieved an accuracy of more than 92%. However, it's very important to note that excessive data 

augmentation can lead to overfitted models, which make predictions unreliable.  

Another study [6] implemented U-Net models in combination with Grad-CAM to enhance the transparency of AI 

decisions. Grad-CAM function creates heatmaps highlighting to which image features the AI was attending while 

making certain decisions. Such an approach allows for an insightful communication of the AI's predictions and errors 

to the doctors. It surely works out well with CNN-based models, but still not that much with transformer-based 

models.  

A study [7] addressed the ethical challenges of patient privacy and fairness in AI use. XAI addresses this by increasing 

transparency and trustworthiness of AI systems. The authors suggested that blending explainable models with good 

data management practices would bring about effective AI application on the part of practical ethics in health care.  

Hybrid models [8] that integrate CNNs (e.g., U-Net) with transformers have gained popularity in liver segmentation. 

Transformers enhance global feature learning, while CNNs focus on local features. These models do particularly well 

at capturing both organ shapes and finer details. 

Deep learning for liver segmentation [21] has proven effective in automatically identifying the liver and has 

outperformed older semi-automatic methods. Snapshots of research comparing different deep learning models like 

U-Net, DeepMedic, and NiftyNet show that these models are highly accurate and require less human effort. 

Combining predictions from multiple models, such as via majority voting or STAPLE, increases accuracy even further 

and renders these methods widely accepted for use in medicine. 
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This study [22] gave a thorough review of Explainable AI (XAI), with emphasis on its significance, challenges, and 

opportunities. The authors argue that as AI models, particularly deep learning, become more complex, it gets difficult 

to understand how the decision-making process occurs. XAI is, therefore, aimed at bringing about much-needed 

transparency and trust, especially in critical fields, such as healthcare and finance. The paper further classifies various 

methods of explaining AI models, and explanations are then drawn upon the trade-off between accuracy of the model 

and ability to interpret it. 

The application of CNN [23] and other deep learning methods in identification of diseases, the detection of tumors, 

and the segmentation of organs has transformed imaging analysis in medicine. Advantages of deep learning are 

learning complicated data patterns, and if given sufficiently large data, these algorithms keep on getting better by 

learning. The paper mentions challenges like data quality and availability of computing resources. In reality, the 

paper repeatedly shows how deep learning can increase both efficiency and accuracy in the various tasks performed 

in medical imaging. 

This study [24] provides a review of liver segmentation in medical imaging, done for the diagnosis of liver diseases 

and to formulate treatment plans. An overview is made of several liver segmentation techniques ranging from manual 

approaches by doctors to fully-automated techniques using computer algorithms. The issues that arise in the 

discussion of liver segmentation include differences in liver shape and quality of the images. In their discussion, the 

authors mention other directions in which this work is developing, also stating how modern techniques such as deep 

learning might increase the accuracy and speed of liver segmentation in clinical practice.  

METHODOLOGY 

A. Deep Learning Model 

The U-Net design was a crucial part of our liver segmentation study. This convolutional neural network was developed 

specifically for biomedical picture segmentation applications. U-Net is ideal for accurately predicting pixel-level 

segmentations and retrieving complex information from medical images because of its symmetric encoder-decoder 

architecture [20]. The encoder (sometimes called the contraction path) extracts important information from the 

input image. Activation functions and convolutional layers are combined with pooling layers to reduce the image size 

while maintaining high-level information [17]. The core of the architecture is the bottleneck layer, which functions as 

a bridge between the encoder and decoder and extracts the deepest-level information of the liver regions. 

The expanding path, also called the decoder, reconstructs the spatial dimension of the input image by using 

upsampling layers- a feature basis. It then outputs a complete segmentation map step by step, while reducing the 

number of feature maps. The U-Net's major distinctive features are skip connections that link corresponding encoder 

and decoder layers. This inhibits the loss of critical spatial detail while performing upsampling [13]. 

For our investigation, we adapted the U-Net to satisfy the liver segmentation specifications. The input photos were 

downsized to a consistent size so that they would work with the model. As the loss function, a combination of dice 

loss and binary cross-entropy loss was used to rectify the imbalance between the liver and non-liver regions in the 

images [12]. Data augmentation techniques such as flipping, scaling, and rotation were applied to improve the 

model's generalization even more.  

On validation data, the U-Net model showed exceptional accuracy in liver area segmentation with a Dice Coefficient 

of over 0.92. Its excellent photo processing and high degree of precision made it a fantastic candidate for our study. 

Additionally, by employing Grad-CAM, the model's predictions were much easier to understand, making it easier to 

validate the results and providing useful information for medical diagnosis.  

B. Explainable AI Technique 

Our study has integrated Grad-CAM (Gradient-weighted Class Activation Mapping) to improve the interpretability 

of our U-Net model for liver tumor identification. The U-Net model, the primary prediction engine, can identify and 

distinguish cancers from medical images. Grad-CAM adds an essential layer of transparency by generating heatmaps 

that visually represent the regions of the input image that had the greatest impact on the model's predictions. By 

explaining the "why" behind the model's judgments, these heatmaps help physicians better comprehend and assess 
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Our study has integrated Grad-CAM (Gradient-weighted Class Activation Mapping) to improve the interpretability 

of our U-Net model for liver tumor identification. The U-Net model, the primary prediction engine, can identify and 

distinguish cancers from medical images. Grad-CAM adds an essential layer of transparency by generating heatmaps 

that visually represent the regions of the input image that had the greatest impact on the model's predictions. By 

explaining the "why" behind the model's judgments, these heatmaps help physicians better comprehend and assess 

them [18]. 

Grad-CAM examines the target class's gradients (such as the presence of tumors) in relation to the feature mappings 

in the model's final convolutional layer. Each convolutional layer neuron's relative contribution to the target 

prediction is displayed by these gradients [15]. Grad-CAM generates a weighted localization map by combining these 

gradients and the feature maps. It then up-samples and overlays the initial input image, where the warm colors (red) 

indicate parts that had a greater influence on the prediction of the model and the cooler colors (blue) suggest lower 

influence. A heat map is produced via this method.  

Grad-CAM is a post hoc method that provides explanations for previously trained models, while intrinsic 

interpretability methods change the structure of a model. Because it is model-specific, meaning it depends on the 

gradients and design of convolutional neural networks (CNNs), it is particularly helpful for image-based applications. 

By focusing solely on identifying the spatial feature relevance in images, Grad-CAM offers more comprehensive and 

comprehensible visual explanations than model-agnostic methods such as LIME or SHAP [14]. 

Grad-CAM increases interpretability and prediction accuracy of the models, U-Net. Heat maps build trust among 

clinicians for any decisions made by the system with reference to the input image. This augurs well for future 

integration of AI technology in medical diagnostics.  

 

Fig. 1 Workflow for U-Net and Grad-CAM in Medical Imaging 

C. Proposed System Architecture 

The workflow of the proposed system, as depicted in fig.2 highlights the integration of the U-Net model and Grad-

CAM. Here, the user loads the image into the system. The U-Net Model then does preprocess on this image like 

resizing and normalizing the data for compatibility with the network. It uses skip connections to preserve the spatial 

details. The U-Net Model extracts feature with its encoder (contracting path), tells the bottleneck layer to get deeper 

features, and rebuilds the image with the decoder (expanding path). The output is a Segmentation Mask that outlines 

areas of interest like the liver or tumors. Grad-CAM receives this segmentation mask and uses it to compute gradients 

on the model's last convolutional layers in order to produce a heatmap. The heatmap provides interpretability by 

overlaying the original image and graphically highlighting the areas that affected the model's choice.  
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Fig. 2 System Architecture 

D. Implementation 

The model is built using well-known deep learning libraries, such as TensorFlow or PyTorch. Grad-CAM is one of the 

explainable AI tools that has been used at various stages of data processing, model training, or for analysis. For 

training and testing purposes on medical image datasets, appropriate hardware and software had been choose based 

on the required computing power.  

RESULTS AND DISCUSSIONS 

The U-Net model was trained with the Adam optimizer for 5 epochs using a combination of Dice and Binary Cross-
Entropy loss functions. PyTorch was used to train on a high-performance computer system that was equipped with 
an NVIDIA Tesla V100 GPU to ensure rapid convergence.  
Key Observations: 

1. Accuracy Improvements: 
o the training accuracy rose from 93.45% (Epoch 1) to 99.21% (Epoch 5). 
o The validation accuracy consistently increased from 84.23%   to 99.56%, demonstrating a very good 

generalization. 
Loss Reduction: 

o Training loss decreased consistently from 0.278 in Epoch 1 to 0.011 in Epoch 5. 
o Validation loss reduced dramatically from 2.812 to 0.045, indicating effective optimization and 

convergence. 
2. Performance Gains: 

o The model displayed a robust learning curve, achieving high accuracy and low loss for both training 
and validation datasets by the final epoch. 

 
 

Table 1: Model Performance 
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Fig. 3 Input Image                                      Fig. 4 Liver and Tumor Segmentation 

 

 
 

Fig. 5 Tumor Highlighted                              Fig. 6 Grad-CAM Explanation 
 

 
 

Fig. 7 Grad-CAM Overlay in Image 

 
The last epoch produced very high accuracies during both training and validation, illustrating the U-Net model's excellence in 

segmenting liver and tumor areas. The data showed the model's learning ability and its generalization ability with decreasing 

training and validation losses. The Grad-CAM representations add to the model's reliability by focusing on the regions 

influencing segmentation decisions, which closely resemble the ground truth. 
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Fig. 8 Learning Curve: Model Accuracy and Loss over Epochs 

CONCLUSION 

Liver and tumor segmentation, for instance, exhibited reasonable improvements in training and validation measures 

over the course of 5 epochs, indicating that the proposed method combining the U-Net models and Grad-CAM 

explainable is very promising, being able to ascertain high accuracy and robust generalization properties. Grad-CAM, 

through associating interpretable heatmaps with segmentation masks, helps make the model more transparent, while 

the U-Net architecture would gain good representation of tiny details that would supplement reliance and faith 

thereon in clinical applications [19]. With this proof-of-concept of blending deep learning with Explainable AI to 

solve challenges with respect to interpretability and clinical usability, this study provides a step toward deploying AI-

assisted liver segmentation systems in real clinical environments for diagnosis, treatment planning, and personalized 

medicine. 
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